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The real estate market has experienced a number of ups and downs due to financial crises and 
economic globalization. This thesis consists of four empirical chapters to assess the 
consequences of these boom-bust cycles on the volatility and interdependence among global 
real estate markets from a regime-switching perspective. This thesis focuses on the major 
developed public real estate markets, including Australia, Hong Kong, Japan, Singapore, 
France, Germany, United Kingdom, Canada and United States. The sample data consists of 
weekly returns from July 2nd, 1992 to June 26th, 2014. 
To start with, the existence and nature of volatility regimes among individual real estate markets 
is validated. A univariate Markov switching GARCH (SWGARCH) model is applied in order 
to investigate volatility shifts among the global real estate market. Two volatility regimes are 
identified: a normal regime with high return and low volatility, and a crisis regime with low 
return and high volatility. A SWGARCH model is proved to provide better in-sample forecast, 
but poorer out-of-sample forecast than other alternatives. 
Subsequently, this thesis is dedicated to examining the dependence structure of global real 
estate markets from three aspects. It starts with the analysis of comovement and volatility 
synchronization for each US and non-US market pair from a bivariate BEKK-SWGARCH 
model. The result shows higher degree of volatility persistence and transmission in high 
volatility regime for most market pairs. In addition, the highly persistent volatility regimes 
provide evidence for strong volatility synchronization effect between the US and the rest real 
estate markets. The time-varying correlation coefficients for each market pair are globally high 
during the recent Global Financial Crisis (GFC) in 2007. 
The causality relationship between a pair of US and non-US real estate market’ volatilities is 
examined by the Markov switching (MS) Granger causality approach. The findings confirm 
that the volatility causality relationship is subject to structural shifts over time. In the long run, 
the US real estate market causes the other markets more significantly than is caused by others 
 VIII 
after incorporating regime-switching behaviour. The bidirectional volatility causality 
relationships for all market pairs are greatly responsive to extreme financial events such as the 
recent GFC period. 
Findings of the previous two parts point to the possible contagion and volatility spillover effect 
among global real estate markets in the financial crisis. A multivariate contagion test is utilized 
to comprehensively analyse the contagion effect among all the sample markets in the high 
volatility regime. Australia, Hong Kong, Singapore, Germany, Canada and the US markets are 
found to impose strong contagion effect toward other markets. Furthermore, the volatility 
spillover effect across markets is also greatly intensified during high volatility regime.  
In summary, the four parts are integrated to offer a comprehensive picture of volatility dynamics 
and cross-market linkages in global real estate markets. To my best knowledge, this is probably 
one of the very few real estate research that adopts the concept of “switching volatility regimes” 
in explaining the structural changes and nonlinearities of global real estate markets. Ultimately, 
it provides researchers and institutional investors a regime-switching mind-set and framework 
to better cope with the challenges arising from financial crisis. For institutional investors and 
portfolio makers, this research highlights a useful technique for them to time the turning points 
of the market. This is very useful for them to make benefits from a long-term perspective. This 
research provides a framework to analyse a body of real estate markets. They can utilize this 
framework to build a global real estate portfolio, or even general financial assets that can hedge 
the downside risk. For investors, this research also provides some general information for them 
as guidelines of investment. During the financial crisis, investors are not recommended to 
allocate their assets in the US together with their domestic asset, since the US is a major 
volatility leader. Moreover, if the US market performs rather volatile currently, it is a dangerous 
signal for them that the future market volatility may increase. Therefore, they can take some 
preventive measures and buy in some fixed income asset. On the other hand, the diversification 
benefit should still be able to achieve if the portfolio is rebalanced appropriately in the specific 
regime-dependent environment.  
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 Background and motivation 
Real estate investment, with its competitive return and low correlation with other asset classes, 
has gained growing investor demand to achieve portfolio diversification in a mixed-asset 
portfolio of stocks and bond. There are broadly two forms of real estate investment: private real 
estate investment and public real estate investment. The former refers to physical real estate 
assets with steady cash flows. The latter is a more liquid and low-cost channel to gain real estate 
exposure such as listed property companies and Real Estate Investment Trusts (known as 
REITs). Public real estate investment has been an important investment target especially in the 
United States, Netherlands and Australia, where the structure of REITs was firstly established 
and effectively operated, and in Asia, where broad economy and real estate development are 
rapidly expanding. Investing in public real estate asset provides investors an easy access to real 
estate ownership and a similar return profile to holding assets in direct real estate market in the 
long run (Giliberto, 1990; Hoesli and Oikarinen, 2012). 
There are a number of reasons why public real estate is an attractive investment vehicle in 
recent years. First of all, driven by the appreciation of real estate values, real estate assets offer 
much higher return for investors than stocks and bonds. REITs, the securitized form of real 
estate assets, are known to offer particularly high yields due to the requirement of income 
distribution. Secondly, the correlation between real estate asset and other asset classes usually 
remains low (Andrew and Glenn, 2003; Hudson-Wilson et al., 2003). This feature is 
particularly significant in the North America and Europe, where the listed real estate accounts 
for a relatively low proportion of the overall equity market. Moreover, investing in real estate 
can also offer diversification benefits across different geographical regions, since the real estate 
industry is mainly a local business. This nature of low correlation highlights the potential to 
complement a variety of portfolio types and improve portfolio profit. Finally, over the long run, 
real estate asset can also offer inflation hedging benefits for investors, since the income growth 
of real estate is shown to outstrip inflation.  
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However, investing in real estate is not without its issues. The high return of global listed real 
estate markets comes at the expense of higher volatility relative to stocks, bonds and direct real 
estate (Ling and Naranjo, 2002; Liow et al., 2009). The public real estate market has suffered 
from a series of structural changes originated from market maturing (e.g. introduction of REITs 
regime), speculation behaviour and smaller market size. The turbulent financial market 
condition in recent years has further contributed to high volatility of the market. The other 
critical concern for global real estate investment is the increasing level of dependence across 
major real estate markets, especially during financial crisis time. With the rapid development 
of information technology and elimination of cross-border trading restrictions, global listed real 
estate markets are becoming more integrated. This trend of globalization have given rise to a 
higher degree of cross-market comovement, which induces a number of issues such as 
diminished diversification benefits for global investors. 
To aid investors’ decision of global investment allocation, considerable efforts have been made 
in academia to offer better estimation of volatility and cross-market correlation. In fact, 
financial market volatility has been investigated long time ago. It is found to change over time 
with a much higher value in bad times (bear market) than in good times (bull market) (Schwert, 
1989b). Meanwhile, cross-market correlations are positively related to the market volatility 
(Ang and Chen, 2002). These observations have led some researchers to statistically relate the 
business cycle with market volatility. Hamilton and Susmel (1994) are among the first to 
formally propose a Markov switching (MS) model, which takes changing phases of the dynamic 
behaviour of the data as a realization of different “volatility regimes”. Take a two-regime 
specification as an example, one is a “bull” regime with high return, low volatility and low 
correlation, and the other is a “bear” regime with low return, high volatility and high correlation. 
This MS volatility model can well address the issue of volatility persistence and nonlinearities 
in financial time series, and the regime classification is shown to be highly correlated with 
business cycle estimation (e.g. NBER business cycle dates). 
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Given the unique characteristics of real estate asset and the growing market size, it is strongly 
motivated to conduct a systematic research on the public real estate market. This research will 
be focusing on the public real estate sector since there is longer time series available than private 
real estate sector. Although MS models have been widely applied to the general equities market, 
little research has been conducted to understand regime changes in the international public real 
estate markets (Case et al., 2014). The cross-market interactions and volatility spillover effect 
during financial crisis are also hardly examined from a regime-switching perspective. With the 
significant growth in the global real estate sector, it becomes imperative to investigate the 
structural changes undergone over the past twenty years. This dissertation will comprehensively 
cover a total of four empirical papers on the regime-switching behaviour among major 
developed public real estate markets, starting from “individual risk-return characteristics” to 
cross-market dependence, including “comovement”, “causality” and “contagion” effect. 
 Research objectives 
With the increasing size of real estate markets and their very strong performance, this 
dissertation addresses some of the key issues facing the real estate market as it becomes more 
global. This dissertation is structured into two main parts, with the first focusing on defining 
the switching volatility regimes in the individual real estate market. And the second part 
explores the regime-dependent market interdependence in a multivariate context from three 
perspectives. Specifically, it constitutes a total of four research objectives as follows: 
(1) To characterize the stylized facts of regime switching behaviour in individual 
developed public real estate markets. 
(2) To measure the impact of regime switching on the cross-market linkages across global 
public real estate markets in three aspects, including comovement, causality and 
contagion. 
The definitions of above-mentioned three types of cross-market relationships are 
provided as follows: 
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(a) Comovement is defined as the pattern of positive correlation of returns among 
different traded securities. 
(b) Causality describes the phenomenon that the past return of one market can 
predict the future return of the other. 
(c) Contagion is detected when there is significant increase of correlation during 
crisis periods compared to non-crisis periods. 
They can be translated into four research questions as follows: 
(1) Is there existence of significant “volatility regimes” in the individual real estate market? 
If there is, can the estimated volatility regimes be plausibly used to track cycles of the 
public real estate markets? In other words, are the risk-return attributes in the estimated 
low- and high- volatility regimes consistent with the expected market performance of 
the “bull” and “bear” market states? 
(2) Do the global real estate markets display different levels of return comovement, shock 
transmission and volatility persistence across “volatility regimes”? Does such market 
interaction significantly increase in the high-volatility regime? 
(3) Is the volatility of one real estate market in the past period responsible for the volatility 
increase of the other in the next period? Is such causality relationship more evident in 
the high-volatility regime? 
(4) Is there any return and volatility contagion effect going on among global real estate 
market in the high-volatility regime? 
While the first research question is important to understand the idiosyncratic real estate market 
risk, the rest three questions address the three essential themes of market interdependence 
studies. Overall, this dissertation aims to offer comprehensive insights into the application of 
regime-switching strategies to pricing the risk of global real estate investment. 
 Research design 
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The dataset of this study consists of weekly returns of major developed public real estate market 
returns from 1992/07/02 to 2014/06/26. A detailed discussion of dataset is given in Chapter 3. 
To achieve the research objectives listed in the previous section, a number of approaches based 
on Markov switching (MS) framework are developed. Briefly, this thesis involves the following 
steps (the statistical presentation of research methodologies will appear in the corresponding 
empirical chapters): 
(1) The existence of switching regime behaviour is firstly validated in the individual real 
estate market volatility from a univariate Markov switching-GARCH (SWGARCH) 
model (Dueker, 1997). 
If the estimated regimes are statistically significant and sensible for economic interpretation, 
this research proceeds to the study of cross-market dependence structure under volatility 
switching regimes. 
(2) A bivariate Markov switching BEKK-GARCH (BEKK-SWGARCH) model is 
developed to investigate the switching regime behaviour in the correlation structure 
and volatility persistence among global public real estate markets is investigated. 
(3) To measure the impact of regime switching on the cross-market linkages across global 
public real estate markets in three aspects, including comovement, causality and 
contagion. 
If there is evidence of significant higher comovement and causality effect in the high 
volatility regime for each market pair from steps (2) and (3), this thesis further tests the 
contagion effect among global real estate markets. 
(4) Before the contagion analysis, a Markov switching Vector autoregression (MS-VAR) 
model is applied to determine the crisis and non-crisis dates for global real estate 
markets. The multivariate contagion test (Dungey et al., 2005) is adopted to analyse 
the contagion behaviour among major developed real estate markets during the 
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financial crisis. Furthermore, in addition to the return contagion analysis, the volatility 
spillover effect is estimated using Diebold and Yilmaz (2012)’s method. 
 Significance of the study 
This thesis contributes to academic real estate research by exploring the existence and 
characteristics of switching regimes in the volatility and cross-market dependence among the 
selected global public real estate markets. A consistent framework is built with the application 
of several regime-switching techniques and the same dataset, and the methods are robust to a 
number of time-series properties (e.g. volatility persistence, asymmetric correlation, structural 
breaks) in the financial time series. This is different from previous literature which uses 
different approaches and sample periods, so the results obtained are not directly comparable 
with each other. 
In particular, the contribution of this thesis is twofold. While the primary contribution of this 
research is on the empirical side, this research also makes contribution to the theory. 
The empirical contribution mainly involves two aspects: 
(1) This research updates the understanding of volatility and interdependence in the global 
real estate markets. Despite the popularity of public real estate investment, the 
dynamics of real estate market volatility and cross-market interdependence are not fully 
understood. Previous time series models are usually specified with one regime only, 
which may not be suitable for modelling the dynamic real estate behaviour in the 
presence of structural breaks. This research is the first to document the existence of 
“volatility regimes” in the comovement and causality of global public real estate 
markets. A two regime approach is more adequate to characterize the ups and downs 
of the market. Therefore, it may help investors better understand the downside market 
risk and make portfolio allocation decisions. 
(2) This research proposes a comprehensive framework to understand three aspects of 
dependence structure of global public real estate markets, namely comovement, 
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causality and contagion. The findings not only confirm that global public real estate 
markets are correlated in normal times, but also detect the existence of contagion effect 
in some country pairs during financial crisis. The finding of this research highlights the 
necessity of cross-border risk-hedge strategies for policy makers. For researchers, it is 
also useful to integrate the concept of regime switching into asset pricing model with 
different empirical applications. 
(3) This research has practical value for investors. One of the challenging facing portfolio 
managers in the presence of financial crisis is to predict the turning points of the market, 
which will have a critical impact on the potential diversification opportunities of 
international asset allocation. Therefore, the findings of this research will help investors 
understand the risk-return structure of global public real estate market and interpret the 
potential investment opportunities. Potentially, the identification of financial crisis 
dates will help investors employ a regime-dependent portfolio strategy and update the 
portfolio weightings accordingly.  
This research also makes theoretical contribution to the very limited literature on comovement, 
causality and contagion among public real estate markets, which was previously found only in 
the stock market literature. This research links the concept of volatility switching to the cross-
market interdependence in the global public real estate market. The concept and principal of 
regime switching volatility are used to understand the international real estate market 
independence. To my best knowledge, this is the first research in the real estate sector to report 
the existence of regime-switching volatility in the dependence structure of global real estate 
markets. Overall, this research constructs a general conceptual regime-switching framework to 
comprehend the rich dynamics of global public real estate markets. In doing so, the 
understanding of regime switching volatility can be advanced. Future work can utilize this 
framework to enhance the knowledge of cross-market integration in the presence of financial 
crises. 
 Structure of the thesis 
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Chapter 1 introduces the background information, research questions, research design and 
significance of this research. 
Chapter 2 offers a comprehensive review of related literature. 
Chapter 3 introduces the properties of sample data and a comprehensive review of sample 
market conditions. 
Chapter 4 examines the existence of regime switching in the individual public real estate market. 
Chapter 5 studies the cross-market comovement and shock transmission across markets 
between a low and high volatility regime. 
Chapter 6 analyses the volatility causality effect across markets from a regime switching 
perspective. 
Chapter 7 investigates the mean contagion effect and volatility spillover effect among all the 
sample markets. 
Chapter 8 concludes this research, discusses the implications and draws possible future research 
directions. 
The structure of this thesis is plotted in Figure 1.1. 
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 Literature Review 
 Introduction 
The literature review includes seven sections. Firstly, Section 2.2 provides a brief background 
introduction of traditional time series modelling of financial market volatility. Sections 2.3 to 
2.4 introduce the concept and techniques of regime-switching, followed by the empirical 
evidence of regime-switching in the sectors of macroeconomy, stock market and real estate 
market. Secondly, a large body of literature on the volatilities of both financial and real estate 
market is presented in Section 2.5. It starts from the existing literature on the financial market 
with a key focus on the methodologies, followed by recent studies in the real estate sector. 
Thirdly, Sections 2.6 to 2.8 review the existing literature on the linkages among global financial 
and real estate markets from three streams of literature, namely comovement, causality and 
contagion effect. Finally, Section 2.9 summarizes the findings of this chapter. 
 Time series modelling of financial market volatility 
It is now common to employ various time series models to analyse the dynamic behaviour of 
economic and financial variables. The leading choices include autoregressive (AR) models, 
moving-average (MA) models, mixed autoregressive moving-average ARMA models and 
vector autoregressive (VAR) models. They capture the response of one variable to the lagged 
value of itself or other variables. The linear specifications are popular because they are easy to 
implement with many econometric packages. Although these models are successful in the 
empirical applications of financial return, they are unable to capture nonlinear dynamic patterns 
of financial market, including volatility clustering, asymmetry and so on. For example, stock 
market volatility typically increase during bull market state and stay persistently at a low level 
during bear market. 
Volatility indicates the conditional standard deviation of the underlying asset return. A special 
feature of financial market volatility is that it is not directly observable. Autoregressive 
conditional heteroskedasticity (ARCH) and generalized autoregressive conditional 
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heteroskedasticity (GARCH) models developed by Bollerslev et al. (1988) have become useful 
tools to capture the financial volatility. The goal of such models is to provide a volatility 
measure that can be used in risk analysis, portfolio selection and derivative pricing of financial 
market. 
However, a natural question facing the ARCH/GARCH model is to predict the turning points 
of the financial return. Moreover, it is difficult to accurately model the time-varying financial 
volatility when the coefficients of the model are fixed over the period. Therefore, a more 
flexible framework is needed given the increasingly volatile financial market. To address the 
above questions, the development of switching regime theory is briefly introduced in the next 
section. 
 Switching regime theory 
Identifying the turning points of financial markets have become the primary concern for both 
investors and economists. The stock market displays cyclical behaviour with downward and 
upward movement of stock prices. To seek for better return, investors in the stock market often 
try to time their investments to match the economic cycle. Therefore, it is important for the 
economists to make prediction about future business cycles based on their observation of the 
current financial market performance. Such a description can be achieved by a Markov 
switching model, which is an important tool to help researchers and investors exploit 
information in the dynamics of the economic and financial variables. 
The Markov regime switching model can be considered as the generalization of the simple 
dummy variables approach. It is superior to the latter approach when the dates of the regimes 
are not directly observable. In the Markov switching model, the financial/economic process is 
modelled so that the parameters of return and variance can change over time driven by a Markov 
state variable (assumed to be unobserved to the econometrician). As can be seen in applications 
of the regime switching models, the estimated regimes are found to have a strong business cycle 
correlation (Ang and Bekaert, 2002b; Kim et al., 2008). Therefore, regime switching model 
becomes especially appealing in the application of macroeconomic and financial data. Below 
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is a detailed discussion on the theoretical development of regime-switching models and 
empirical applications. 
The past decades have witnessed the evolution of time series models of macroeconomic and 
financial data. One of the major improvement is the gradual transformation from linear to 
nonlinear/time-varying models (Engle, 2002; Tse and Tsui, 2002). These changes in the forms 
of financial models are mostly driven by events of financial crisis (Bertero and Mayer, 1990; 
King and Wadhwani, 1990) or sudden changes of government policy (Hamilton, 1988; Davig, 
2004). More and more studies start to incorporate structural changes in the model (Lamoureux 
and Lastrapes, 1990) to encompass the cases with linear or non-linear properties, stationary or 
non-stationary regressors, known or unknown point of break, single break or multiple breaks, 
estimation in single-equation or systems, or any of these in combination (Banerjee and Urga, 
2005). 
Motivated by the observation of behavioural changes in the financial systems, it seems intuitive 
to incorporate different market states and allow the dynamics to be different across states. There 
emerges a stream of threshold models developed by Chow (1960), Aoki (1967), Tong (1983) 
and Tong (1990) to address this issue. Such nonlinear models are featured with a threshold 
variable that divides the data into two or more branches. Therefore, they can be used to model 
periodic economic data or asymmetric behaviour that cannot be captured by a linear time series 
model. However, this type of model has its own limitations. For example, Aoki (1967) discusses 
the control of systems but does not develop the estimation algorithm. Chow (1960), Tong (1983) 
and Tong (1990) treat the shifts in regime as directly observable, and the number of regimes 
need to be known a priori. Therefore, additional tests are required to locate the threshold value/ 
number of regimes when applying this class of models.  
The other stream of nonlinear models to capture the structural changes of economic/financial 
systems is the Markov regime-switching model. Quandt (1958) is among the first to put forward 
the concept of “regime”, which denotes the time point the switch from one regime to the other 
takes place. Similar to the threshold models, the implementation of regime-switching models 
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depends upon the knowledge of the exact number of switching points. Models built on a priori 
assumption of number of regimes in the data series include Quandt (1960), Ginsburgh et al. 
(1980), Neftci (1984), Kon and Jen (1978) and Ferreira (1975). Later Quandt (1972) proposes 
a new switching model which allows for more than two regimes and unknown location of 
switching points. Goldfeld and Quandt (1973) further relax the assumption by making the 
regime switching process a Markov chain. In essence, they introduce a matrix of transition 
probabilities, the element of which being the probability that the system will make a transition 
from state 1 at time t-1 to state 2 at time t. This paper is particularly helpful and sets the new 
standard to describe the regime switching model. 
To formalize the statistical identification of regimes, Hamilton (1989) proposes a nonlinear 
filter and smoother in the Markov switching model, which is applied to estimate the state of the 
economy based on GNP data. The result shows that the characterization of business cycle 
outperforms the conventional linear ARIMA approach. An advantage of Hamilton’s model is 
that the regime changes are governed by an unobserved Markov state variable and are 
determined endogenously. Additionally, economic expansions and contractions are treated as 
outcomes of different probabilistic objects, and are allowed to repeat over time. 
A clear advantage of Markov switching model against threshold model is that the regimes are 
directly associated with changing volatilities of the financial return. As a fundamental measure 
of risk, modelling and forecasting the dynamic behaviour of financial return volatility has been 
a very important topic in literature. By permitting switching between different regimes, Markov 
switching model is able to simulate more complex volatility patterns in many time series. 
Moreover, this model gives a more realistic assumption for the occurrence of structural changes 
than traditional models: frequent breaks are allowed at random time points for a random period 
of time. Therefore, Markov switching model can better capture sudden increase of financial 
volatility as implied by the data. 
Generally, Markov switching models can be categorized into two types. The original Markov 
switching model is switch-in-mean model, which captures the switching regimes based on the 
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observed behaviour in the conditional mean process (Hamilton, 1989; Engel and Hamilton, 
1990; Garcia and Perron, 1996). It broadly covers univariate Markov switching autoregressive 
(MS-AR) model and multivariate Markov switching Vector Autoregressive (MS-VAR) model 
by Krolzig (1997). While this class of model uses the return data to draw inferences about 
regimes, for many financial economists and investors, the financial market volatility is of 
greater concern. Therefore, the other type of switch-in-volatility model is developed such as 
Markov switching ARCH (SWARCH) model and SWGARCH model (Hamilton and Susmel, 
1994; Gray, 1996; Dueker, 1997). Regime switching volatility model permits multiple 
structures (equations/ conditional distribution) in the volatility process of different regimes. 
This is more flexible than single-regime model in capturing complex dynamics of financial time 
series. This type of switching regime model is most popularly used in the finance literature. 
There are several reasons why Markov-switching models have been popular in financial and 
economic modelling. First of all, it does not require a priori dating of crisis episodes; instead, 
identification and characterization of crisis periods are determined endogenously in the model. 
In particular, it is estimated jointly with the probabilities of regimes in a maximum-likelihood 
framework. Therefore, it can avoid the subjective problem of sub-period analysis or threshold 
dating procedure. Secondly, regime-switching models can capture many stylized facts of 
financial time series, especially volatility persistence and clustering (Lamoureux and Lastrapes, 
1990). Most of the volatility persistence are attributed to persistence of high and low volatility 
states. Large amount of nonlinear effects can be characterized by assuming a different 
conditional distribution in each regime. Finally, the nonlinearity of financial returns can be 
estimated from linear specifications or normal distributions within each regime. Specifically, 
the distribution of normality can be achieved in each regime, so that the model can be solved 
in closed form. 
 Switching regime evidence 
Markov switching models have been successfully applied to broad equity returns, macro 
economy (e.g. interest rate, GDP growth, exchange rate) and more recently, real estate market. 
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In this section, the empirical estimates of switching regime models and the statistical/economic 
properties are presented. 
Macro economy 
The original motivation of developing a regime switching model is to analyse the state of 
economy (Hamilton, 1989). The regimes estimated are closely associated with the underlying 
business cycle. For example, Cai (1994) identified two periods with regime shifts in the US 3-
month Treasury bill rate: the 1974:2 - 1974:8 caused by oil shock and 1979:9 – 1982:8 
associated with Federal Reserve’s policy change. This group of literature has linked regimes of 
interest rate to monetary policy regimes (Garcia and Perron, 1996; Ang and Bekaert, 2002b). 
Regime-switching models are found to well accommodate regime-dependent mean reversion 
of interest rate, and are least rejected by the data. It offers better out-of-sample forecast than 
single-regime models. Application to term structure also suggests positive result of using a 
switching regime model (Sola and Driffill, 1994; Bansal and Zhou, 2002; Dai et al., 2007). Ang 
et al. (2008) further explore if changes of regimes in nominal interest rate can be attributed to 
components of real interest rate, expected inflation and inflation risk premium. The result 
reveals that inflation component can account for over 100% of term spread during the regime 
of stable real interest rates. Besides switching regime behaviour in the return process of interest 
rate, Hamilton and Susmel (1994), Gray (1996) and Dahlquist and Gray (2000) allow for 
conditional heteroskedasticity in different regimes. In particular, a SWGARCH model is 
developed in Gray (1996) to deal with volatility regimes in the volatility process. The model 
helps resolve the issue of fat tail and volatility clustering usually found in financial and 
economic data (Lamoureux and Lastrapes, 1990). 
Engel and Hamilton (1990) and Engel (1994) are among the first to explore switching regime 
behaviour in exchange rates, which are often characterized by highly persistent trend and abrupt 
changes. They reject the hypothesis of random walk against the alternative of stochastic shifts 
between two exchange rate regimes. As discussed in Bollen et al. (2000), the key difference 
between interest rate and exchange rate modelling is that expected length and the timing of a 
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regime are longer in the latter variable. Therefore, it is expected that the switching between 
regimes is more frequent for the exchange rate study. They investigate whether regime-
switching method can value the exchange-traded currency option better. The result reveals that 
regime-switching option valuation model generates better profits than single-regime method.  
Stock market 
The stock market often changes its behaviour abruptly. The risk-return performance will change 
dramatically when a shock hit the market severely. The regime switching behaviour is 
responsive to recurring market states such as recessions and expansions, or even severe market 
crashes such as financial crises. Switching regime models will be a good candidate to capture 
these structural breaks in the financial market as well as any fundamental changes in the 
dynamics of stock market return. 
Empirical evidence has also found that stock market returns change over time and are subject 
to breaks and parameter instability (Turner et al., 1989; Schaller and Norden, 1997; Paye and 
Timmermann, 2006; Henkel et al., 2011). This group of literature shows support for strong 
switching regime behaviour in the stock market. For example, Maheu and McCurdy (2000) 
apply a Markov switching model and sort market returns into bull and bear markets. The former 
displays high returns coupled with low volatility, while the latter has a low return and high 
volatility. The predictability of stock market returns is also closely associated with market 
cycles, and is much lower during market expansions than market recessions (Schaller and 
Norden, 1997). These predictors, such as term structure and dividend yield, are valued more 
during periods of market recessions. 
In addition to the regime-dependent nature of stock market return at first moment, this approach 
has been extended to study the second moment of stock market return (Baele, 2005; Marcucci, 
2005; Moore and Wang, 2007). Adopting the Markov regime switching model, Schwert (1989a) 
shows that stock volatility was higher during Great Depression in 1929-1939 and other 
recession periods. Stock market volatility is considered as an important indicator for business 
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cycle. Hamilton and Susmel (1994) proposed a regime-switching ARCH (SWARCH) model 
with an application to stock market return. In this model specification, the conditional volatility 
process is allowed to be different in each volatility regime. The high persistence of stock price 
volatility is attributed to persistence of low-, moderate- and high-volatility regimes. Ramchand 
and Susmel (1998) expand the univariate SWARCH framework to a bivariate version. They 
study the volatility and comovement between pairs of stock market returns and find that cross-
market correlation is much higher during high variance regime. On the portfolio management 
side, Leon Li and Lin (2004) apply SWARCH model to estimate Value at Risk (VaR). The 
result suggests the superiority of SWARCH models in mitigating non-normalities of financial 
returns than other measurements. 
Real estate market 
More recently, some researchers have adopted Markov regime switching framework to study 
real estate securities returns. As real estate industry is known to be highly cyclical in nature, it 
is expected to experience regime-switching behaviour as well. Moreover, the change across 
regimes can be triggered by shift in economic activity, interest rate regime or other risk factors 
from stock market. Since both stock markets and macroeconomy display strong regime 
switching behaviour, the real estate securities is also expected to be affected by the market 
states and show strong switching behaviour. And it becomes an important and interesting area 
for researchers to explore if the real estate securities behaves similarly like other financial assets 
or not. 
Consistent with theoretical expectation, the empirical result generally shows strong persistence 
and regime switching behaviour in the real estate securities returns. Several papers have 
detected regime shifts in the real estate market index (Lizieri et al., 1998; Kallberg et al., 2002). 
Gerlach et al. (2006) find that Asian financial crisis has caused a structural break in the linkage 
across Asia-Pacific property market. Maitland-Smith and Brooks (1999) compare both TAR 
and Markov switching model in characterizing the commercial real estate market index of the 
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US and the UK. The Markov switching model outperforms TAR model by statistical 
specification test. 
More recently, Markov switching approach is applied to investigate regime change of real estate 
market. Liow et al. (2005) examine shifts in returns and volatility Asian property markets and 
compared with the US and the UK. Strong evidence of regime switching behaviour is detected 
among international securitized property markets. Liow and Zhu (2007) apply regime switching 
strategies in the asset allocation model. A shortcoming of the two papers is that they only allow 
for regime switching process in the mean equation of real estate securities return. Case et al. 
(2014) apply regime switching GARCH model to REITs, stock and bond return in the US over 
the period 1972-2008. The result suggested existence of separate regimes in the conditional 
expectation and variance process. The multivariate result indicated that REITs return was in 
synch with stock but not with bonds. Though in their framework the cross-asset linkages were 
considered, the synchronization among international real estate securities markets was 
overlooked. With the trend of globalization and contagion effect across markets, the lead-lag 
relationship and volatility synchronization remains important for both investors and 
practitioners. 
On the side of housing market, regime-switching approach is also competitive to capture boom 
and bust cycles against alternative models. However, compared to equity market, housing price 
movement is smoother and may be less subject to regime changes.  Crawford and Fratantoni 
(2003) claim that regime-switching model is intuitive and useful to providing the information 
regarding the turning point of real estate market. While regime-switching models fit the data 
better than ARIMA or GARCH models, they are poor in out-of-sample tests. As justified by 
Füss et al. (2012), the out-of sample performance of regime-switching model in housing prices 
need to be evaluated case by case. Regime switching model is only superior when there is a 
significant amount of nonlinearity that the alternative linear model fails to capture. The 
industrial and to a less extent, retail sector, are better characterized by regime-switching models. 
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Using a threshold-based regime-switching TAR model, the paper shows strong regime effects 
in the UK commercial real estate return.  
 Public real estate market volatility 
This research is concerned with public real estate market. In this section, I will firstly review 
the related literature on the stock market given its importance and long development. This is 
followed by literature on the real estate market volatility, with a primary focus on the public 
real estate sector. Similar rules apply to the next three sections. 
Financial markets can move dramatically, and stock prices may appear too volatile to be 
justified by changes in fundamentals (Gregoriou, 2009). Financial market volatility is central 
to the discussion of financial market and academic research. Ever since the work of Schwert 
(1989b), both theoretical and empirical researches have come to explain the time-varying stock 
return volatility. Several popular time-series models have been applied to capture the behaviour 
of stock market volatility, such as asymmetry, long memory and spillover effects. These time 
series models include autoregressive-moving-average (ARMA) models (Whitle, 1951; Box and 
Jenkins, 1976) and RiskMetrics model (Morgan, 1996). One of the ground-breaking financial 
models is the generalized autoregressive conditional heteroskedasticity (GARCH) framework 
that deals with conditional heteroskedasticity and volatility persistence in equity returns 
(Bollerslev, 1986). Unlike ARMA models, GARCH framework assumes higher weight upon 
more recent observations. A number of extensions to the standard GARCH model have been 
suggested, such as exponential GARCH (EGARCH) model (Nelson, 1991) and fractionally 
integrated GARCH (FIGARCH) model (Baillie et al., 1996) to accommodate asymmetry and 
long memory properties of financial volatility. Multivariate GARCH (MV-GARCH) 
specification has also been developed to model asset interdependence and volatility 
transmission (Engle and Kroner, 1995; Engle, 2002). 
With the development of statistical tools, there has been increasing interest to empirically 
investigate the behaviour of stock market volatility (Poterba and Summers, 1986; French et al., 
1987; Chou, 1988). These early research work shows high levels of volatility persistence 
 20 
estimated from stock market returns using GARCH model. On the other hand, strong evidence 
of causal relationship between the variance and market return is found in Campbell and 
Hentschel (1992), knowns as the volatility feedback effect. The paper shows a negative 
correlation between stock returns and future volatility by a Quadratic GARCH (QGARCH) 
model. Similar findings are also proved by the work of Bekaert and Harvey (1997) and Ng 
(2000).  
To explain the causes of volatility persistence, many researchers point to the presence of 
structural changes. Standard GARCH model tends to overestimate volatility persistence since 
regime shifts are not accounted for (Lamoureux and Lastrapes, 1990). After accounting for 
these volatility shifts in the GARCH model, Malik et al. (2005) show that persistence in 
volatility of Canadian stock market returns reduces considerably. Hamilton and Lin (1996) 
associate the stock market volatility with business cycle and find that over 60% of the stock 
market fluctuations are attributed to economic recessions. They argue that a Markov switching 
framework with shifts in the variance is more useful for forecasting stock volatility and 
accommodating the volatility behaviour. Following this work, a lot of researchers have applied 
regime switching models to explain stock market volatility (see more reviews in section 1.1.2). 
Given the better performance of real estate equities than general stocks, they have attracted 
much research attention in recent years. For example, Gerlach et al. (2006) study the impact of 
Asian financial crisis on Asian-pacific real estate markets. Their result suggests integration 
among these markets, despite a common structural break around mid-1997. On the US and the 
UK securitized real estate markets, Michayluk et al. (2006) analyse their shared price dynamics 
using synchronized daily data. The result suggests that the volatility in the US market exerts an 
asymmetric effect on the UK market, with the effect being greater from a negative shock. The 
correlation between the two markets is also higher during downside market state. Yang et al. 
(2012) apply a multivariate asymmetric generalized DCC-GARCH model to stocks, bond, 
REITs and CMBS in the US market. REITs are observed to show higher asymmetric volatility 
than the other asset classes. One of the drawbacks from previous literature is that emerging real 
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estate securities markets are overlooked (Giliberto, 1990; Paul et al., 1991; Ross and Zisler, 
1991; Devaney, 2001). 
More recently, researchers make improvement by exploring dynamic properties of data at 
different frequency (Liow et al., 2009; Hoesli and Reka, 2013), covering a wider range of 
markets (Liow and Newell, 2012; Zhou and Gao, 2012) or conducting comparison across 
different assets (Glascock et al., 2000; Case et al., 2012). However, to distinguish between 
crisis and non-crisis period, the break dates are imposed based on a priori grounds, which may 
introduce serious biases into the analysis (Chandrashekaran, 1999; Clayton and MacKinnon, 
2003; Westerheide, 2006). With the development of statistical tools, some researchers have 
adopted Markov regime switching framework to study real estate securities returns. And the 
result generally shows stronger capabilities to characterize regime shifts in the real estate 
securities returns. For example, Liow and Ye (2014) find significant existence of volatility 
regimes in international developed real estate securitized markets. These markets are found to 
be largely responsive to Asian Financial Crisis and Global Financial Crisis when high volatility 
regime is dominant. 
 Comovement across global public real estate markets 
In the financial market, comovement refers to pattern of the positive correlation of returns 
among different securities (Barberis et al., 2005). The diversification benefit of an international 
portfolio has impelled studies on international stock market comovement. Since the expected 
returns, variance and covariance are required for portfolio construction, analysis of 
comovement among international equity markets is critical for portfolio managers and financial 
regulators. Despite divergent methods used, early evidence on this topic shows that national 
stock markets are still independent of each other, and correlations of different stock markets 
remain low (Grubel, 1968; Granger and Morgenstern, 1970). Using daily stock prices from 10 
largest world exchanges during the period July 7th 1973 to April 30th 1974, Hilliard (1979) 
concludes that most of the inter-continental prices are not related closely. On the emerging 
capital market side, Harvey (1993) analyses stock market data for 21 developed markets and 
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20 emerging markets. The paper concludes that emerging markets display high return, low risk 
and low correlation with developed markets. Incorporating emerging market stocks in investors’ 
portfolios can provide better portfolio performance.  
To study the level of cross-market comovement, researchers have employed a number of 
empirical methods. Correlation coefficient between stock market has been traditionally used to 
measure comovement (Bertero and Mayer, 1990; King and Wadhwani, 1990). It can offer a 
preliminary indication of market linkages over the full period. Since then, many different ways 
of testing the stability of correlations, such as using GARCH models (Longin and Solnik, 1995; 
Serletis and King, 1997). Engle (2002) develops a multivariate dynamic conditional correlation 
GARCH (DCC-GARCH) model, which parameterizes the time-varying conditional correlation 
between two variables. Using this approach, the correlation between the Dow Jones Industrial 
Average and the NASDAQ composite is found to be time-varying and range from 0.6 to 0.9 
over the period of March 1990-March 2000. The cross-market correlation increases with high 
market volatility, but not low market volatility (Longin and Solnik, 2001). Researchers start to 
accommodate the asymmetric correlations in a regime switching model, where low and high 
volatility regimes are responsive to bear and bull market states, respectively (Ramchand and 
Susmel, 1998; Edwards and Susmel, 2001). Ang and Bekaert (2002a) estimate regime 
switching models on US, UK and German equity markets and find the existence of high 
volatility and high correlation regime, which coincide with a bear market. Ignoring regime 
switching can be costly if investors do not shift their allocation from risky asset to risk-free 
asset (e.g. cash, US equity and German equity). 
Much work has been done to examine the linkages of securitized real estate markets. The result 
shows that securitized real estate offers lower correlation with other asset classes (Brueggeman 
et al., 1984; Ross and Zisler, 1991), and diversification benefits can be achieved through a 
multi-asset portfolio (Kuhle, 1987; Kallberg et al., 1996). The correlation can vary by country 
or over time (Chandrashekaran, 1999). Later, researchers estimate sub-period correlation 
matrix so as to understand the time-varying nature of market interdependence (Lizieri et al., 
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2003). The most significant finding is that correlation is positively related to the market 
volatility, which is consistent with the general finance literature (Schwert, 1989b). 
Besides unconditional measurement of Pearson correlation, the time-varying correlation 
measurement is more popularly used in literature, such as rolling correlation or conditional 
correlation (Gordon and Canter, 1999; Wilson and Zurbruegg, 2004; Schindler, 2009). The 
result from this stream of research confirms that correlation tends to move together with 
volatilities in the real estate securities market. Liow et al. (2009) model the correlation among 
the US, the UK, JP, HK and SG property stock markets from the application of a DCC-GJR-
GARCH model by Engle (2002). Significant variation and structural changes are found in the 
cross-market conditional correlation over time. It also shows a lower correlation among 
securitized real estate markets than that between stock markets. Similarly, Yang et al. (2012) 
examine the correlation dynamics among stock, bond and REITs in the US market. The result 
shows that conditional correlation between stock and REITs increases when both asset returns 
are negative, indicating lower opportunities of diversification. More recently, Liow (2012) 
examines real estate-stock co-movement at local, regional and global levels among 8 Asian 
securitized property markets over 1995-2009. The local real estate-stock correlation is found to 
be higher than regional and global ones. 
Among the empirical applications, few researchers have investigated comovement across 
public real estate markets from a regime-dependent perspective. Most of the regime switching 
literature focus on the optimal hedging ratios between different stock/commodity indices or 
futures. Alizadeh and Nomikos (2004) are the first to estimate the time-varying minimum 
variance hedge ratios between FTSE-100 and S&P 500 stock index future contracts using 
Markov switching models. Lee and Yoder (2007a) propose a bivariate Markov switching 
GARCH model with BEKK specification and apply it to the spot and future prices of corn and 
nickel. The out-of-sample estimation from regime switching model outperforms that of single 
regime models, but the improvement is not statistically significant. Similarly, Lee and Yoder 
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(2007b) study the optimal hedging ratio between Nikkei 225 and Hang Seng Index future 
returns from a Markov switching time-varying correlation GARCH model (MS-TVC-GARCH).  
Meanwhile, Pelletier (2006) proposes a bivariate Markov switching GARCH model to the 
exchange rate of the UK, Netherland, Japan Switzerland currency to the US dollar from 1/10/85 
to 28/6/85. In this model setting, only the correlation is subject to regime changes. Results still 
support the better performance of regime switching model against single regime models in- and 
out-of-sample. 
Zhou (2010) applies a wavelet analysis to study the cross-market comovement between stock 
and securitized real estate markets over the period of January 1990 to December 2009. The 
result shows the level of cross-market comovement depends on frequency. Japan, Hong Kong 
and Singapore display strong comovement at a large range of frequency while the US, UK and 
Australia exhibit strong comovement only for a selective band of frequency. 
This research contributes to the real estate literature by introducing, for the first time, a bivariate 
regime switching GARCH model to study the correlation and transmission of shocks across 
markets. With a regime-dependent framework, it is more flexible to incorporate the structural 
breaks caused by turbulence in the public real estate markets. Therefore, the results obtained 
can be more accurate after tracking the time-varying comovement across markets. 
 Causality across global public real estate markets 
On the basis of the previous “comovement” studies, researchers further ask whether stock 
markets share lead-lag relationships with each other in the long run, which is known as 
“causality” relationship. Relevant studies include Hiemstra and Jones (1994) in the US market, 
and Eun and Shim (1989) on an international scale. For example, Masih and Masih (1997) study 
the lead-lag relationship of stock market prices among United States, Japan, Canada, France, 
Germany and the United Kingdom. In order to evaluate the impact of the October 1987 crash 
on the relationship, periods of “pre-crash” are “post-crash” are determined by the author. The 
result suggests that since the crash, the US market has led other markets. Meanwhile, the causal 
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link within developing stock markets or with developed stock markets is still limited. Using 
daily data from October 1st, 1992 to June 30, 1997, Huang et al. (2000) show that the causality 
relationship among stock markets in Shanghai, Hong Kong, Taiwan and Japan is almost non-
existent. The stock price change in the US market is found to have predictive power over 
counterparts in Hong Kong and Taiwan. Overall, the early stock market literature is inclined to 
conclude that the causal link of international stock markets still remains weak. Only the US 
market is found to cause changes in other international stock markets. In the crisis period, the 
cross-market causality becomes more evident. 
More recently, the emerging stock markets have become the attention of a few financial 
researchers. Fujii (2005) studies both intra- and inter-regional causal linkages among the stock 
markets in Asia and Latin America during 1990-2001. Adopting the residual cross-correlation 
function (CCF) tests (Cheung and Ng, 1996), the result suggests that there are considerable 
causal interactions across emerging stock markets. Moreover, the linkages strengthened around 
the episodes of 1994-95 Mexican and 1997-98 Asian crises. In particular, Caporale et al. (2006) 
show that causal link in variance between the European, Japanese the US stock and South Asian 
markets are bidirectional in normal periods, and unidirectional following the crisis (from the 
market in turmoil to others). 
Up to now, literature on the inter-temporal relationship of international real estate securities 
markets has also been established. In most of the traditional literature, causality test is applied 
to explain the integration/segmentation of real estate securities markets from other sectors, such 
as the broader economy (Darrat and Glascock, 1989; Glascock et al., 2002) and direct real 
estate markets (Neil Myer and Webb, 1993). A number of researchers study the causality effect 
between securitized real estate and stock market prices (Okunev et al., 2000). The result 
generally shows a strong causality effect from equity market price to real estate price. In 
addition, Kallberg et al. (2002) find a two-way causality in volatility of equity and real estate 
markets, indicating common factors affecting volatility in these markets. Lizieri et al. (2003) 
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show that the result of Granger causality test is sensitive to the data period, and is more evident 
after the outbreak of 1997 AFC.  
Given that structural breaks can make Granger causality test spurious, researchers have adopted 
different strategies to cope with the issue. The simplest solution is to divide the sample period 
into crisis and non-crisis periods, and it has been applied in many papers (Liow, 2008; 
Oikarinen, 2009; Oikarinen et al., 2011). The development of econometric techniques has given 
rise to a more general (linear or non-linear) nonparametric Granger causality test. An advantage 
of nonlinear test is that it is robust to structural breaks within the sample period. Okunev et al. 
(2002) analyse the impact of October 1987 stock market crash on the causality relationship 
between stock market and real estate market. Taking into account the structural break, there is 
only one-way causal effect from stock market to real estate market, instead of two-way causality 
found in full-period analysis. They show that the result from nonlinear causality test is 
consistent with expectation and in contrast with that from linear causality test. Kim and 
Bhattacharya (2009) study the nonlinear causality from housing prices in the US to employment 
rate and mortgage rate. They find unidirectional causality from housing price to employment, 
but not vice versa. Meanwhile, mortgage rate is found to cause changes in housing price. The 
conclusions from nonlinear Granger causality test is also opposed those of linear Granger 
causality. 
More recently, to account for the instable causality pattern over time, Markov switching 
Granger causality test is originally proposed by Warne (2000) and formally formulated by 
Psaradakis et al. (2005). An advantage of this method is that it does not require a priori 
information about the structural break dates. Moreover, it does not necessarily assume the 
causal relationship to hold for the full period. In Psaradakis et al. (2005)’s paper, they examine 
the causal relationship between money supply/ interest rate and real output in the US. The result 
suggests two periods when M1 growth has Granger-caused output growth: 1976-1982 and early 
1990s recession. In the public property markets, the causal linkages of cross-market conditional 
volatilities are usually time-varying and contain structural breaks. This research is going to fill 
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the literature gap by applying a Markov switching causality test. It will provide empirical 
evidence that is robust to not only the choice of sample period, but also linear and nonlinear 
causality effect. 
 Contagion across global public real estate markets 
The impact of a crisis on financial markets is of substantial interest for both investors and policy 
makers, who need models to assess, manage and minimize risks. Among the extensive research 
on this topic, Forbes and Rigobon (2002)1 have popularized this group of literature, since they 
point out that contagion test based on conditional correlation test is biased due to 
heteroskedasticity in market returns. They propose a formal definition of contagion and a 
correction to the correlation test, known as unconditional correlation coefficients. In their paper, 
contagion is defined as a significant increase of correlation in the crisis period. When this test 
is used to test for contagion, there is virtually no evidence of contagion among the international 
stock markets. Instead, the comovement across these markets is more likely to be termed as 
“interdependence”. 
Amongst the earliest applications of FB’s test are Serwa and Bohl (2005) and Caporale et al. 
(2005). The former paper investigates financial contagion effect among a group of 11 European 
stock markets and 6 crisis originator countries (Argentina, Brazil, Hong Kong, Korea, Turkey 
and the U.S.) from 1997 to 2002. According to the result, most of the relationship between these 
non-crisis markets and crisis markets can be described by interdependence rather than 
contagion. A drawback from this paper is that the identification of the crisis episodes is 
arbitrarily determined. The latter paper investigates the impact of Asian Financial Crisis in 1997 
on eight East Asian countries. The contagion effect is estimated to run from Thailand, Hong 
Kong, Taiwan and Philippines to Indonesia, Malaysia, South Korea, Singapore and Taiwan. 
Based on FB’s contagion test, Favero and Giavazzi (2002) introduce dummy variables in the 
test to detect any nonlinearities in the propagation of shocks. The model can identify contagion 
                                                     
1 Known as FB thereafter. 
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if extreme returns in the dependent variable are matched with extreme returns in the other 
variables. They model the contagion effect of the interest rate spreads among seven European 
countries (France, Italy, Spain, Holland, Belgium, Demark and Sweden) over the period 1988-
1992, and show strong nonlinearities in the contagion effect for all markets. Moreover, they 
point out a possibility of “flight-to-quality” which is ignored in the previous literature: the 
cross-market comovement reduces if there is a negative shock from one country. However, this 
approach, as criticized by Dungey et al. (2005), is rather fragile as the results can be easily 
driven by small sample bias. 
Besides the linear approach, some researchers test for existence of contagion based on nonlinear 
assumptions such as extreme value theory (EVT). These works accommodate FB’s critique by 
looking at the margins of return distribution, and test for the degree of dependence at extreme 
levels (Longin and Solnik, 2001; Bae et al., 2003; Hartmann et al., 2004). For example, Aloui 
et al. (2011) estimate an extreme value copula-based GARCH (EVC-GARCH) model to 
capture the asymmetric tail dependence (extreme negative/positive returns) between markets. 
The contagion effect is examined between stock returns of each of the four markets (Russia, 
Brazil, India, China) and the US over the 2004-2009 period. The result shows little evidence of 
contagion effect for each market pair, since the extreme dependence in bearish market is less 
than in bullish market.  
While Favero and Giavazzi (2002) and Bae et al. (2003)’s results are contingent on the choice 
of the threshold value, tests of Forbes and Rigobon (2002) and Dungey et al. (2006) depend on 
ex post observation of turbulent events. As commented by Dungey et al. (2005), differences in 
the definition of contagion effect are minor and are interpreted as working from the same model. 
The only difference is how much information from the data to be used in the model. When these 
various contagion tests are applied to analyse the Asian crisis of 1997-1998, FB’s (2002) test 
fails to find any evidence of contagion while Favero and Giavazzi’s (2002) test supports 
contagion in all cases. The conflict of results rises from a number of issues, including dating 
crises, modelling dynamics and filtering information. 
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The research on the contagion effect among international real estate market is of utmost 
importance for investors with diversification needs. However, limited research has been 
conducted in the real estate sector. Wilson and Zurbruegg (2004) are among the first to apply 
the FB’s unconditional correlation test in the real estate securities market. They investigate the 
contagion effect of AFC among a number of Asia-Pacific real estate securities markets 
(Australia, Hong Kong, Malaysia and Singapore), taking Thailand as the crisis originator. The 
result does not support large scale of contagion taking place in these markets. More recently, 
Hoesli and Reka (2013) investigate the volatility spillover pattern and financial contagion 
among the general equity and real estate securities markets in the US, the UK and Australia 
from 1989 to 2010. To test for financial contagion, the copula approach and structural break 
test by Dias and Embrechts (2004) are combined to detect any structural breaks in the 
dependence structure of two markets in market crashes. Only the US and the UK markets are 
found to have contagion effect during the subprime crisis. 
Okunev and Wilson (1997) adopt an alternative approach to test for contagion effect through 
the examination of the long-term cointegration relationship. A fractionally cointegrated 
relationship between real estate and stock market is detected in the US market from year 1979 
to 1993, while the linear cointegration is non-existent. The result indicates that there exist 
deviation between the two markets for certain periods, which can induce different behaviours 
in promulgating shocks during times of financial distress. The evidence for the integration of 
international real estate markets is somewhat mixed. The impact of financial crisis on the real 
estate market integration is also supported by Gerlach et al. (2006) and Liow (2008), which 
find significant cointegration among Asian real estate markets only during the Asian Financial 
Crisis in 1997. Yunus (2009) study the long-run dependence among major property markets 
(Australia, France, Hong Kong, Japan, the Netherlands and the United Kingdom) from January 
1990 to August 2007. The absence of long-run linkages among the Netherlands, France and 
other markets suggest diversification benefits in the two markets. Similarly, Yunus and 
Swanson (2007) show that there is diversification benefit from Hong Kong and Japan real estate 
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market for the US investors. Yunus et al. (2012) detect long-run relationships between public 
and private real estate markets among Australia, Netherlands, UK and the US. Oikarinen et al. 
(2011) also present evidence of long-run relationship between public and private real estate 
markets in the US market from 1977:Q4 to 2008:Q4. Lin and Lin (2011) show fractionally 
integration between stock and real estate markets in China, Hong Kong and Taiwan, while the 
two markets in South Korea and Singapore are segmented. Overall, the nonlinear evidence of 
market cointegration suggests the necessity to consider financial crisis in the analysis of market 
integration and diversification benefits. Other studies such as Hui and Chan (2012), Hui and 
Chan (2013a), Chen et al. (2015) also show significant contagion effect in the global securitized 
real estate markets. 
The literature review reveals that past work has been mostly concentrated on broad equity 
markets with little attention paid to the real estate sector. In particular, consideration of the 
interdependence among international securitized real estate markets, especially the influence 
that the recent GFC and European sovereign debt crisis have had upon the cross market linkages 
and volatility spillovers, has been minimal. Most of the studies still focus on only one particular 
financial crisis within a short period (e.g. AFC, GFC), making the result specific to certain 
methodologies and data periods (Hui and Chan, 2013b). Moreover, the crisis period defined in 
prior research is primarily based on the author’s assumption and historical observations (e.g. 
financial crisis, wars). And this research is going to avoid the arbitrary issue where all the crisis 
dates are endogenously determined. 
 Summary 
This research is related to the study of real estate finance and investment. In addition to risk-
return trade-off, three aspects of cross-market linkages among major public real estate markets 
are examined, including comovement, causality and contagion effect. While cross-market 
comovement is of interest for investors to make profit from international portfolio 
diversification, causality test provides crucial information on the direction of cross-market 
dynamics and their nonlinear relationship, and the contagion analysis is critical to understand 
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the impact of financial crisis. All these topics have been popularly studied in the financial 
literature, and the interest is rekindled by the recent financial crises.  
In view of the importance of global real estate investment, it becomes critical to understand the 
regime switching concept and how it affects real estate dynamics. The answer to this question 
will help understand portfolio allocation for global real estate investors. According to the 
previous review, there has been gaps of the state-of-the-art real estate literature that this study 
would like to fill: 
(1) The literature is scarce when it comes to the relationship among the volatilities of real 
estate market (co-volatility comovement) and their correlation structure. Existing 
literature mainly focus on the return comovement of global public real estate markets, 
while the interdependence of second moment market return is somehow ignored. The 
latter issue will give additional insights for investors to make investment decisions, and 
therefore this research is dedicated to fill this gap by studying the volatility 
interdependence of global public real estate markets. 
(2) Moreover, the impact of boom-bust cycles can have a substantial impact on the real 
estate market return dynamics. Current research usually applies arbitrary sub-sample 
analysis based on historical observations of financial turbulence, making the result 
subject to small sample bias. Given the economic appeal of regime-switching models, 
this thesis aims to provide an in-depth analysis of risk-return attributes and cross-
market interactions from a regime-switching perspective. 
(3) With the profound development of securitized real estate markets across the globe (e.g. 
the introduction of REIT-type regime), domestic investors are seeking exposure to 
global real estate assets to maximize their return. This research fills the gap by 
comprehensively measuring the risk and linkages among global developed property 
markets, which will shed light on investors’ investment strategies. This strand of 
research is of particular importance nowadays, since the frequent visit of financial crisis 
could potentially diminish the diversification benefits of investors.  
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 Sample Data and Review of Market Performance 
 
 Introduction 
In this chapter, the economic characteristics and real estate industry of the sample markets will 
be introduced. The sample data of real estate market used in this research will also be discussed. 
The nine developed markets in this research are selected by their size of market capitalization, 
including Australia (AU), Hong Kong (HK), Japan (JP), Singapore (SG), France (FR), 
Germany (GE), United Kingdom (UK), Canada (CA) and the United States (US). They are 
different in terms of financial market structure and real estate market characteristics, which will 
be discussed thereafter. 
Today’s real estate investment displays an active global landscape. Despite economic and 
political uncertainty, direct real estate investment still secures high return and low volatility 
relative to general equities and bonds. Institutional investors are interested in a broad range of 
international markets and property sectors. According to a research report by JLL, the North 
American region still remains the largest market for direct commercial real estate investment, 
with a total volume of 208 billion USD in 2014. Europe, the Middle East and Africa (EMEA) 
region is the second largest market with 175 billion USD, followed by Asia Pacific region with 
85 billion USD. But Asia Pacific leads the listed real estate market with around 15% versus a 
global average of 9%. 
The nine real estate markets in this research are on top of the largest markets for indirect 
commercial real estate investment. Table 3.1 provides an overview of conditions in the sample 
markets: 
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Table 3.1 Overview of Key Characteristics of Sample Market Conditions as of 2012 Year End 
 AU HK JP SG FR GR UK CA US 
Panel A: Main economic indicators 
GDP annual growth(%) 3.6 1.5 1.4 2.5 0.0 0.7 0.3 1.7 2.8 
Inflation (%) 1.8 4.1 0.0 4.5 2.0 2.0 2.8 1.5 2.1 
Unemployment (%) 5.2 3.3 4.3 2.8 9.9 5.4 7.9 7.2 8.1 
Real interest rate (%) 4.9 1.3 2.3 3.9 -0.7 -1.3 -0.6 1.3 3.6 
Panel B: Main financial indicators 
MCap of stock market 1141.0 444.7 2882.7 253.4 1135.7 1052.6 2778.4 1531.8 15632.5 
MCap. of listed real estate 
market 87.4 112.0 151.0 58.3 37.3 11.3 50.6 32.0 463.3 
% RE in stock market 7.66% 25.19% 5.24% 23.01% 3.28% 1.07% 1.82% 2.09% 2.96% 
S&P global equity return (%) 16.3 22.1 6.8 26.8 23.9 26.3 16.0 6.0 12.7 
S&P global property return 
(%) 
25.3 30.8 37.3 46.0 40.6 40.2 31.5 17.6 16.3 
Panel C: Other indicators 
JLL Real Estate Transparency 
Index 
1.36(3) 1.76(11) 2.39(25) 1.85(13) 1.57(7) 1.80(12) 1.33(2) 1.56(6) 1.26(1) 
Global Competitiveness Index 5.12(20) 5.41(9) 5.40(10) 5.67(2) 5.11(21) 5.48(6) 5.45(8) 5.27(14) 5.47(7) 
Corruption Perception Index 80(11) 74(17) 76(15) 84(7) 69(26) 79(12) 78(14) 81(10) 74(17) 
Note: Data in Panel A are sourced from World Bank Database. The figures shown are only up to year 2012 given the availability of unemployment rate. 
The market capitalization data for the stock market and listed real estate market is from S&P Global Property database. It is displayed in billions of units in US dollar. 
Real interest rate is the bank lending interest rate adjusted for inflation as measured by the GDP deflator. 
Panel C presents three indices measuring the importance of the sample markets in real estate/general investment. The figures presented are scores calculated by the 
data provider, and the rank is provided in the bracket. 
JLL Real Estate Transparency Index is from Jones LaSalle. Global Competitivenes Index is from World Economic Forum. Corruption Perception Index is from 
Transparency International.
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These nine markets play an important role in the global public real estate markets as well as the 
global stock markets.  
Table 3.2 Characteristics and Components of Sample Public Real Estate Markets 
Market 
Mkt Cap of 
REITs 
Mkt Cap of 
non-REITs 
% of REITs in 
public RE 








AU 73,995.58 - 0.00% 7.66% 5.90% 7.42% 
HK 3,704.89 75,722.71 4.66% 25.19% 6.33% 0.37% 
JP 1,674.72 67,103.13 2.43% 5.24% 5.48% 0.17% 
SG 2,368.44 20,037.07 10.57% 23.01% 1.79% 0.24% 
FR 1,920.07 - 0.00% 3.28% 0.15% 0.19% 
GE 1,039.32 1,292.05 44.58% 1.07% 0.19% 0.10% 
UK 61,970.56 13,778.40 81.81% 1.82% 6.04% 6.22% 
CA 38,335.89 2,340.19 94.25% 2.09% 3.24% 3.84% 
US 658,610.80 5,891.48 99.11% 2.96% 52.98% 66.05% 
Total 843,620.27 186,165.03 - - 82.11% 84.61% 
Notes: the data is from EPRA Research Monthly Statistical Bulletin, December 2014. 
To better understand the context of the sample markets, the key market players in each of the 
nine sample markets are listed in the following Table 3.3. 
Table 3.3 Top Five Listed Real Estate Companies in Each Sample Market  
 Company name Sector Mkt Cap (USD in millions) 
AU Scentre REIT 14,905 
Westfield REIT 14,338 
Goodman Group REIT 8,018 
Stockland Trust Group REIT 7,814 
GPT Group REIT 6,322 
HK Sun Kung Kal Props Non-REIT 23,627 
Link REIT REIT 14,374 
Wharf Holdings Non-REIT 10,986 
Hongkong Land Hldgs Non-REIT 7,976 
Henderson Land Dev Non-REIT 7,975 
JP Misubish Estate Non-REIT 27,105 
Misui Fudosan Non-REIT 25,884 
Sumitomo Realty & Dev Non-REIT 15,005 
Nippon Building Fund REIT 6,741 
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Japan Real Estate  REIT 6,085 
SG Capitaland Non-REIT 6,369 
Global Logistic Non-REIT 5,638 
City Developments Non-REIT 4,605 
Capitamall Trust REIT 4,011 
Suntec REIT REIT 3,551 
FR Gecina REIT 4,310 
Klepierre REIT 4,240 
Fonclere Des Regions REIT 3,145 
Icade REIT 2,852 
Merclalys REIT 928 
GE Deutsche Annington Non-REIT 7,802 
 Deutsche Wohnen Non-REIT 6,816 
 Gagfah Non-REIT 4,859 
 LEG Immobilien AG Non-REIT 4,302 
 Deutsche Euroshop Non-REIT 1,313 
UK Land Securities REIT 14,265 
 British Land REIT 12,318 
 Hammerson REIT 7,436 
 INTU Properties REIT 4,805 
 Derwent London REIT 4,371 
CA Riocan Real Estate REIT 7,177 
 H & R Real Estate REIT 5,164 
 Canadian REIT REIT 2,864 
 Cominar REIT REIT 2,547 
 Colloway REIT REIT 2,448 
US Simon Property Group REIT 57,531 
 Public Storage REIT 26,942 
 Equity Residential Props REIT 25,734 
 Health Care REIT REIT 24,921 
 Prologls REIT 21,547 
Notes: the data is from FTSE/EPRA NAREIT Monthly Statistical Bulletin, December 2014. Exchange 
rate: EUR/USD = 1.2162 as of Dec, 2014 
 
The following Section 3.2 introduces the data sources for the real estate market. Sections 3.3 to 
3.5 provide a discussion on the macroeconomic conditions and real estate markets in regions of 
Asia Pacific, Europe and North America, respectively. Throughout the review, it aims to 
enhance the knowledge of global property markets and observation of changing market 
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conditions, which will provide empirical evidence for any switching regime behaviour. Finally, 
the conclusions are drawn in Section 3.6. 
 Sample data 
3.2.1 Proxy for real estate 
The low frequency (e.g. monthly or quarterly) of direct real estate market data makes it 
inappropriate for the estimation of volatility models. To measure the performance of real estate 
market, this research considers the public real estate market return as proxy. This measurement 
implies the performance of investable real estate through real estate company shares or Real 
Estate Investment Trusts (REITs). These assets can be directly traded on a stock exchange, 
which provide easy access for investors to gain real estate exposure and diversification benefit 
at low cost. Hoesli and Oikarinen (2012) claim that listed real estate securities and direct real 
estate asset are cointegrated in the long term. Hence public real estate is an effective strategy to 
get direct real estate exposure2. But the value of shares are not typically equal to the value of 
physical properties (known as net asset value, or NAV), but can reflect substantial premia or 
discount as investors are not only buying properties, but also the company’s management 
strategy, tax slippage and investment potential (Lizieri and Satchell, 1997).Additionally, as a 
subsector of broad equity market, the share prices can also be influenced by the overall 
performance of the financial market. 
3.2.2 Data sources 
There are a number of indices which track the performance of real estate equity markets. The 
most popular indices include FTSE EPRA/NAREIT Property Index, Thomson Reuters/Global 
Property Research (TR/GPR) Real Estate Index and Standard and Poor S&P Global Property 
Index and so on. Table 3.4 gives the correlation coefficients among different property indices 
from 1992/07/02 to 2014/06/26. The result indicates that the three benchmarks display high 
correlation with each other. 
                                                     
2 I would like to thank one reviewer for suggesting this point. 
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Table 3.4 Correlation among Different Property Indices 
 FTSE and TR/GPR FTSE and S&P TR/GPR and S&P 
AU 0.983 0.985 0.981 
HK 0.982 0.980 0.983 
JP 0.989 0.993 0.994 
SG 0.953 0.958 0.986 
FR 0.956 0.979 0.962 
GE - 0.830 - 
UK 0.976 0.979 0.995 
CA - - 0.851 
US 0.971 0.993 0.973 
Notes: The weekly total return series (in USD currency) for the three indices are all downloaded from 
Datastream. The FTSE EPRA/NAREIT Canada index has missing value from 1992/12/31 to 1996/12/26. 
And the Datastream-Real Estate Germany index has missing value from 1992/07/02 to 1993/09/23. 
For the purpose of analysis in this research, the preferred index is the S&P Global Property 
Total Return Index. The database has high eligibility for a broad range of both developed and 
developing countries/regions by the same methodologies, so that the analysis can be easily 
extended to different scopes. Another advantage is that it provides stock market index (S&P 
Broader Market Index) and can be used for comparison with public property market index 
directly. 
The weekly return series is used as it prevents the issue of non-synchronous trading hours and 
weekend effect from daily data. It also avoids the problem of lack of volatility dynamics from 
monthly data. The weekly return is computed from the natural log differential of daily total 
return indices in US dollar currency in percentages to prevent weekend effect (the return from 
Thursday’s closing price to the following Thursday’s close price). A total of nine international 
developed property markets are considered, including Australia (AU), Hong Kong (HK), Japan 
(JP), Singapore (SG), France (FR), Germany (GE), United Kingdom (UK), Canada (CA) and 
the United States (US). The sample period starts from July 2nd of 19923 and ends in June 26th 
                                                     
3 The base date of S&P Developed BMI/Property index is July 1st, 1989. However, the S&P Property 
index in Germany starts from only July 1st, 1992. Therefore, we choose July 1st, 1992 as the starting 
period of our sample to compromise with Germany property market index.  
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of 2014, which is the longest available time span of the database for all sample markets. There 
are 1148 observations in the sample. 
3.2.3 Stylized fact 
A simple description of the public property market return data is reported in Table 3.5. Over 
the sample period, HK, JP and SG property stock markets exhibit higher unconditional variance 
and larger range of price variation. The skewness and kurtosis statistics also confirm the non-
normality distribution of the data.  
Table 3.5 Descriptive Statistics of Global Public Property Market Weekly Returns (%) 
 Mean Max Min Std. Dev. Skewness Kurtosis Jarque-Bera 
AU 0.16 18.50 -24.55 3.12 -0.96 11.55 3669.83*** 
HK 0.14 19.05 -33.57 4.25 -0.55 8.11 1308.82*** 
JP 0.12 22.30 -22.74 4.42 0.29 6.22 511.43*** 
SG 0.16 30.98 -35.93 4.51 -0.12 11.98 3859.15*** 
FR 0.25 12.24 -19.73 2.94 -0.66 8.17 1363.06*** 
GE 0.12 19.87 -30.14 3.71 -0.93 11.94 3992.09*** 
UK 0.15 25.09 -24.89 3.29 -0.63 13.08 4934.11*** 
CA 0.11 16.65 -29.11 3.07 -1.63 18.66 12239.63*** 
US 0.20 30.11 -39.50 3.14 -1.77 41.26 70623.87*** 
Notes: the return series are computed from S&P Global Property Total Return Index from July 2nd 1992 
to June 26th 2014. The weekly returns are calculated as Wednesday to Wednesday daily total return index 
in percentages (US dollar). *** indicates the significance of Jarque-Bera test at 1% level. 
Figure 3.1 shows the time series trend of S&P property market price. Before the Asian financial 
crisis, there were signs of speculative behaviour in Asian property stock markets (e.g. HK and 
SG). The property stock prices in Asia started to plummet right after the crisis broke out. 
Another market cycle dated back to year 2001, when the IT-bubble burst and caused the loss of 
market-cap of NASDAQ from March 2000 to October 2002. After that, the housing price was 
gaining momentum to climb in all markets. By early 2006, all property stock markets reached 
the price peak and were considered to be in a bubble state. It was followed by another global 
trough period that saw price fall between 41.16% (HK) to 115.69% (AU) during December 
2007 – June 2009. Unlike other financial crises, this recent subprime crisis has a pervasive 
impact that no markets can escape from. The crisis also has a tremendous and long-lasting effect 
on the European markets, triggering the sovereign debt crises that are still ongoing. 
 39 
Figure 3.1 S&P Property Market Total Return Index July 2nd, 1992 to June 26th, 2014 
The shaded areas correspond to three crisis episodes: Asian financial crisis (July 1997 – May 1999), dotcom bubble and 911 terrorist attack (March 2001 to November 2001) and 




























































































 Sample markets in Asia Pacific  
3.3.1 Macroeconomic conditions 
This research covers four markets located in Asia Pacific region, including Australia, Hong 
Kong, Japan and Singapore. The economic momentum has been strong in this region, especially 
in recent years amid flat or declining global economic growth. Capital flows to Asia to seek for 
profits, which boosts the asset prices and volatility in this region. Property prices have 
experienced large swings as well. Based on an IMF report, capital flows have significant effects 
on asset returns and volatility, especially during crisis periods4. A quick overview of economic 
conditions in the region is provided as follows: 
(a) Australia is one of the largest developed economies in the world. Its volume of GDP in 
2012 ranks 12th in the world, and the rank of GDP per capita is 18th 5. The Australia 
Securities Exchange in Sydney ranks 13th in the world in terms of market capitalization6 
in 2014. 
(b) Hong Kong is known as the financial hub of Asia Pacific and the gateway to China. 
The GDP per capita ranks 27th worldwide. With its attractive business environment, 
Hong Kong’s economic growth largely depends on international trade and finance, 
especially its close ties with mainland China.  
(c) Japan is the world’s third largest economy by nominal GDP and the second largest 
developed economy. The GDP per capita ranks 15th in the world in 2012, based on 
statistics from World Bank. The Tokyo Stock Exchange ranks No. 1 in Asia and 3rd 
place in the world by market cap. 
(d) The economy in Singapore is known to be highly open, least corrupt and trade-oriented. 
The GDP per capita of this small economy ranks 11th in the world as of year 2012. It is 
                                                     
4 Source: Regional Economic Outlook: Asia and Pacific. April 2014 
( http://www.imf.org/external/pubs/ft/reo/2014/apd/eng/areo0414.htm ). 
5 Data source: World Bank database. 
6 Data source: http://www.sfc.hk/web/doc/EN/research/stat/a01.pdf  
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considered as the Asian and global financial hub, as well as the easiest country to do 
business7. 
Since 1990s, there are several phases of economic surge and recession in Asia. It started with 
the early 1990s recession, resulting from a large collapse in the stock market. The Japan 
economy was in a one-decade recession since then, which is commonly known as the Lost 
Decade. The next fluctuation period for Asia is the Asian Financial Crisis (AFC) since 1997, 
when Hong Kong and Singapore were hit severely. The Hang Seng Index dropped by 23% 
between October 20th and 23rd in 1997. Since 2000s, a series of shocks have commonly hit the 
Asia Pacific stock market, including Dot-com bubble in 2000, SARS crisis in 2003 and the 
Global Financial Crisis (GFC) in 2007. Over this period, Australia remains one of the best-
performing and resilient economies in the world that has survived from the crisis. In Singapore, 
the swift policies undertaken by government have also helped the economy bounce back faster 
and stronger than many other regional economies. However, these turbulent events have created 
major impact on the Hong Kong stock market. 
3.3.2 Real estate market conditions 
The property market in Asia Pacific market is viewed as prosperous and active. It is mainly 
driven by the scarcity of land and fast development of urbanization. The housing price has 
grown substantially in the study period. In light of the thriving growth of property market, there 
is need from investors for securitized property assets. In Asia, securitized property assets 
occupy a large proportion of market capitalization of the stock market. Investors can easily get 
exposure to real estate investment through stocks of property companies and real estate 
investment trusts (REITs). 
Asian real estate has been absorbing a seemingly endless stream of new money arriving from a 
variety of sources, both outside Asia and within. In particular, there is increasing Sovereign 
Wealth Fund (SWF) and institutional capital flowing to Asian real estate assets. This explains 
                                                     
7 Based on WTO Trade Policy Review of Singapore.  
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the confidence of in the long-term growth of property prices in this area despite all the 
government's cooling measures. They are more interested in developed markets instead of 
developing markets to seek for long-term return and reduce risk. For example, the Abu Dhabi 
Investment Authority (ADIA), one of the world’s largest SWF, has acquired a number of Hong 
Kong hotels recently, including Grand Hyatt Hong Kong and Renaissance Harbour View. 
A summary of securitized real estate sector development is provided as follows: 
(a) Among Asian markets, the history of Australia Real Estate Investment Trust (A-REIT) 
is the longest since early 1970s. Before March 2008, A-REITs was known as Listed 
Property Trusts (LPT). It is a unitized portfolio of property assets listed on the Australia 
Stock Exchange (ASX), which provides investors a channel to a mixed bundle of real 
estate assets. A-REITs are low-risk investments with stable cash flow from rents. As 
of June 27th, 2014, there are a total of 48 REITs, accounting for 8.28% of global REITs 
market capitalization8. Previous literature shows that the distribution of Australian real 
estate returns is similar to the shape of the distribution of property returns in the US. 
And there is no significant difference in the characteristic component of investment 
risk across time and property type (Graff et al., 1997). 
(b) Hong Kong established the REIT legislation in August 2003. But after one decade, 
there are only 11 HK-REITs listed on the Hong Kong Stock Exchange in 2014, which 
is lagged in performance in comparison to other markets, such as Singapore. HK-REITs 
are strictly prohibited from participation in property development, and receive no 
favorable taxation benefit. The takeover hurdles and regulatory uncertainty have also 
restricted the development of HK-REIT market. Therefore, in the Hong Kong market, 
the majority channel through which investors can achieve real estate diversification is 
investing in listed property companies. The Hong Kong public real estate market 
carries little information about the housing price in Hong Kong after accounting for 
international capital market variables (Chau et al., 2001). 
                                                     
8 Source: http://www.epra.com/regulation-and-reporting/taxation/epra-newsletter-nov200912/ 
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(c) In Japan, The first two JP-REITs (Nippon Building Fund Inc and Japan Real Estate 
Investment Coporation) were listed in 2001. With the positive expectation of asset price 
and stable interest rate, JP-REITs is getting popular among retail and institutional 
investors. The tax-free facility gives great incentive for Japanese investors to make 
investment in REITs. However, listed real estate companies still dominate the local 
indirect real estate investment. With bullish trends and optimistic views of Japan real 
estate market, real estate investment is gaining more popularity among investors in 
Japan. 
(d) In Singapore, the first S-REIT CapitaMall Trust was listed in July 2002. The initial 
growth of S-REIT is rather slow, with only 7 REITs as of 2005. The sector took off in 
2006 with the number of REITs more than doubled to 15. While the sector was impeded 
by GFC, now the market has a total of 29 listed REITs with a market capitalization of 
50 billion Singapore dollars. Ong (1995) claims that public real estate market in 
Singapore has been historically high. Liow (2001) shows that in the Singapore market, 
the return of residential properties is superior to other property types and public real 
estate market from 1975 to 1999. Further, the public real estate market leads the 
performance of direct real estate market.  
 Sample markets in Europe 
3.4.1 Macroeconomic conditions 
This research focuses on three economies in the Europe, including France, Germany and United 
Kingdom. They are linked closely in terms of geography and economy, culminating in the 
formation of the European Union. France and Germany even share the same currency – the 
euro. European Union is by far the wealthiest and largest economy in the world. Below is a 
grasp of macroeconomic market conditions of the three countries: 
(a) As of year 2013, France is the world’s fifth-largest economy by nominal GDP and the 
second largest-economy in Europe (next to Germany). Its GDP per capita ranks 21th 
in the world. 
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(b) Germany is the largest national economy in Europe, with its nominal GDP ranking 4th 
globally. It is known with its production and innovation in automobiles and machinery, 
etc. It is the third largest exporter in the world and has the highest trade surplus. 
(c) United Kingdom is the 6th-largest national economy in the world by nominal GDP and 
the 3rd-largest in Europe. It is the first country to start industrialization in the 18th 
century, and had a leading role in the global economy during the 19th century. Its 
dominant role is overtaken by United States and Germany since late 19th century, but 
still remains powerful in many sectors such as the financial industry.  
The three markets have experienced several peak-trough cycles since 1990s. In the early 1990s, 
the GDP growth has slowed down to an annual average of 1% or 2%. The unemployment rate 
was between 8% and 11% in this period for the three markets. Germany experienced strong 
growth in the early 1990s, and fell into recession afterwards. The low growth rate is mainly 
driven by the reunification boom as well as high subsidies from the government to boost the 
East German economy. Another slowdown took place in 1997/98, when the AFC started to 
affect Europe mainly through the export channel. The financial markets fell into turmoil and 
the economic prospects become increasingly gloomy, especially in Germany. In early 2000s, 
these markets were affected by increase in oil prices and burst of tech-stock bubble. Since 2007, 
the three markets were in the Great Recession originated from the US. Subsequently, the 
European debt crisis hit Europe, implicating the banking system and government debt of the 
three markets. Meanwhile, the deep recession in the EU has caused a direct hit to the cross-
border trade with the three markets. 
3.4.2 Real estate market conditions 
The slowdown in economic growth has made the housing market in Europe fall behind their 
counterparts in Asia. In recent years, due to economic recovery, the housing markets of the 
three markets start to stabilize from falling and are performing better than the European average. 
Listed real estate companies, including REITs, are important players in European commercial 
property sector. They are attractive to investors due to generation of strong and consistent 
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income flow over a long-term investment horizon. They also offer diversification benefit for 
investors in the general equity market. The conditions of listed real estate sector are summarized 
as follows: 
(a) France is the first of the three markets to adopt a REITs regime. The real estate 
securitization structure is built in 2003, namely the Societes Immobilieres 
d'Investissement (SIIs) and the Societes Immobilieres pour le Commerce et I'lndustrie 
(SICOMIs). SIIs are required to make at least 75% of its investment in residential real 
estate. They are exempt from tax if at least 85% of net earnings are distributed to 
shareholders. Up to March 2014, there are 33 REITs with a market capitalization of 
75041 million USD. It occupies 1.8% of global REIT market capitalization9. Stevenson 
(2000) shows that France listed real estate market offers much higher return than its 
European counterparts over the period of 1980-1997, after excluding the broad equity 
market effect. Yang et al. (2005) show that there is stronger integration of France and 
Germany public real estate markets than with other EMU markets such as Netherlands 
from 1994/1/1 to 2002/06/28.  
(b) In Germany, the REITs (G-REITs) structure is implemented in 2007. However, there 
are only 3 German property companies that adopt REITs regime with a total market 
capitalization of 1597 million USD. Most real estate operating companies do not adopt 
the REIT status. This is probably because G-REITs were introduced at a bad timing 
right before the crisis. Currently, G-REITs are required to invest in commercial real 
estate sector based on the legislation, while large real estate operating companies 
mainly invest in the residential sector. Earlier studies reveal that German real estate 
returns display lower mean return and volatility than the US and UK real estate market 
after correcting for appraisal smoothing. Meanwhile, evidence of non-normality in the 
German real estate returns is found (Raimond et al., 2004).  
                                                     
9 Data source: EPRA Global REIT Survey 2014: United Kingdom - REIT 
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(c) In the UK, the REIT regime came into effect in January 2007 with nine UK property 
companies converted to REIT status. It is the 4th largest REITs market globally. As of 
today, there are 22 REITs with a total market capitalization of 66,069 million USD. To 
qualify as a REIT, the company needs to distribute 90% of their income to investors. 
Michayluk et al. (2006) reveal that the UK public real estate market volatility is 
significantly influenced by the US market. However, this is not true that the UK public 
real estate market influence US market. 
 Sample markets in North America 
3.5.1 Macroeconomic conditions 
The economy of North America comprises of the wealthiest and most developed nations in the 
world, namely Canada and the United States. Both markets have significant and multifaceted 
economic system, and are each other’s largest trading partners. Since the implementation of the 
North American Free Trade Agreement (NAFTA) in 1994, they have shared more than doubled 
bilateral trade worth 1.4 trillion USD10. A summary of macroeconomic conditions is as follows: 
(a) In 2013, the US has the largest GDP volume in the world and a GDP per capita of 
53,042 US dollars, which ranks 10th in the world. It is the most technologically 
powerful economy in the world. It has also the most influential financial markets in the 
world, with the New York Stock Exchange the world’s largest stock exchange by 
market capitalization. 
(b) Canada is one the world’s most developed and wealthiest nations. Its GDP per capita 
ranks 12th in the world in year 2013. The Canadian economy is mainly supported by its 
international trade due to its rich natural resources. Canada also has the world’s seventh 
largest stock exchange in North America, namely Toronto Stock Exchange. 
Dating back to the early 1990s, the US and Canada’s economies were weak due to oil price 
shock and high interest rate environment. Entering into the new century, both countries fell into 
                                                     
10 Source: the Embassy of the United States of America in Canada. 
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deep recession again. The collapse of the dotcom bubble, the September 11th attacks has brought 
the growth to an end. The greatest losses that the US and Canada suffered from are the subprime 
crisis during 2007-2009. The economy recovery starts from the end of 2009.  
3.5.2 Real estate market conditions 
The housing market in both markets has been relatively stable since the 1990s until the collapse 
of housing bubble in 2007, which imposes great risk to the economy, affecting home valuations, 
mortgage markets, real estate developers and so on. It also triggered the subprime mortgage 
crisis from December 2007 to June 200911, leading to economic recession around the globe. A 
grasp of securitized real estate market in the two markets is presented as follows:  
(a) The securitization of real estate in the US has more than 50 years’ history. REITs were 
created in the US in 1960 to give investors exposure to large-scale portfolios of real 
estate asset. The US REITs has successfully brought opportunities to all investors to 
enjoy the benefit of commercial real estate investment. Now the listed US REITs has 
more than 880 billion USD market capitalization traded on the New York Stock 
Exchange with a total number of 216 REITs as of year 2014. It is a very popular 
investment channel in the US, since the yield is very generous compared to general 
equities. However, Alan and Richard (1991) shows that including the US real estate in 
a multi-nation portfolio does not improve the portfolio performance. It could be due to 
the volatile exchange rate fluctuations that induce risk in the portfolio. 
(b) The investment of securitized real estate in Canada is mainly through REITs, which 
was firstly introduced in September 1993. As the end of 2014, there are a total number 
of 27 real estate operation companies (REOCs) listed on Toronto Stock Exchange with 
a market capitalization of 32.2 billion Canadian dollars (CAD). Meanwhile, there are 
42 Canadian REITs with a market capitalization of 56.5 billion CAD. Both of them 
provide a dynamic tool to access North American as well as global real estate capital.  
 Summary 
                                                     
11 Based on NBER business cycle date. 
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This chapter provides a description of sample data as well as background knowledge of 
macroeconomic and property market conditions in the nine markets. To summarize the findings: 
firstly, all markets display significant ups and downs over the past two decades, which offers 
important foundation for the switching regimes examined in this study. Secondly, real estate 
market performance and macroeconomic condition are mutually influenced by each other. 
Finally, real estate markets are linked globally. The economic recession in one market can 
spread to other countries, resulting in slowdown of global real estate markets. 
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Volatility, as a measure of risk, plays a vital role in investors’ investment decisions. An increase 
in market volatility reflects deterioration in investment benefit. In the recent decades, the spread 
of financial crisis has further given rise to concerns of the financial market stability. Public real 
estate, as a rising asset class in addition to stocks and bonds, is experiencing high uncertainty 
with its strong cyclical nature and exposure to the financial/economic risk. In particular, 
previous researches show that the strong performance of public real estate sector comes with 
the expense of higher volatility than stocks and bonds (Sagalyn, 1990; Kallberg et al., 2002). 
Despite its important diversification benefit in a multi-asset portfolio, it has become more 
uncertain whether real estate can offer constant benefits that hedge against the changing market 
performance. 
Financial crisis is inevitable and has become more frequent. During financial crisis, many 
investors begin to question their portfolio strategies. For long-time horizon investors, how to 
time the high market volatility becomes an important topic. This research is motivated by this 
issue and aims to provide guidelines for investors. While there have been extensive work on 
the volatility of public real estate markets, there has been few literature examining this issue 
from a regime-switching perspective: The importance of this issue is mainly from the empirical 
side. The financial crisis can cause turbulence in the financial market. In the regime switching 
framework, the concept of low and high volatility regimes is naturally related to the upside and 
downside market states. Moreover, regime switching models can provide dating of financial 
crisis periods. It can have a crucial impact on the portfolio construction. If investors can utilize 
regime switching concept a portfolio, it will significantly reduce portfolio risks or maximize 
return. Therefore, the regime-shift behaviour in the public real estate market is critical to 
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understand the financial crisis impact. To fill the gap of literature, the primary objective of this 
research is to study the switching regime behaviour in the nine developed public real estate 
markets individually. 
Particularly, this research asks three research questions: (a) are international public real estate 
markets subject to structural break in their individual volatility process? (b) is regime switching 
volatility approach adequate to characterize historical market return? (c) does regime switching 
volatility approach offer better predictions of market returns? 
To answer the above questions, this research proceeds as follows: firstly, the concept of 
“volatility regimes” is introduced to examine the behaviour of public real estate market 
volatility between crisis and non-crisis periods. In addition, to compare the performance of 
regime-switching models with traditional (single regime) volatility models, the statistical fit 
and forecasting accuracy are evaluated. Methodologically, the Markov switching GARCH 
(SWGARCH) model by Dueker (1997) is applied to detect any occasional shifts in the volatility 
process of public real estate markets. By doing so, the sample period is divided into two sub-
periods: one with low market volatility (tranquil period) and the other with high market 
volatility (turmoil period). This stream of Markov switching models is known to cope with 
frequently-occurred extreme events in the financial market. 
The findings of this research confirm the above research questions except for question (c). The 
SWGARCH model is confirmed to provide better historical return estimation as well as in-
sample volatility forecast than standard GARCH model or Markov switching ARCH 
(SWARCH) model by Hamilton and Susmel (1994). However, SWGARCH model performs 
relatively poorer in out-of-sample forecast. This finding is consistent with other research papers 
on Markov switching models (Engel, 1994; Dacco and Satchell, 1999). 
This study contributes to the line of research on the volatility of public real estate markets. Case 
et al. (2014) and Liow and Ye (2014) are the only two papers that address the regime-switching 
behaviour in the public real estate market volatilities. With the out-of-sample analysis, portfolio 
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managers will be able to implement the regime switching strategy to rebalance their portfolio 
over time. From a practical point of view, this study shows that the financial crisis will cause a 
dramatic change in terms of return and volatility in the global public real estate markets. The 
different results across markets indicate that the magnitude of impact from financial crisis may 
depend on the country-specific characteristics of real estate market. Investors and policy makers 
should be keenly aware of markets which display more volatility persistence over time in 
response to financial crises. 
The paper is organized as follows: Section 4.2 gives a detailed description of SWGARCH 
methodologies, followed by empirical results and discussions in Section 4.3. Conclusions are 
summarized in Section 4.4. 
 Methodology12 
The SWGARCH model is firstly proposed by Gray (1996) and Dueker (1997)13 . In fact, 
Hamilton and Susmel (1994) firstly introduced Markov switching ARCH (SWARCH) model 
into the standard ARCH process to overcome its poor out-of-sample forecasting ability. In a 
SWARCH model, a state variable governs the change between different variance regimes so 
that in each regime, the volatility is expressed by a unique ARCH process. However, the 
development of SWGARCH model is lagged, as it is notoriously difficult for estimation 
(especially in large time-series data). The term of lagged variance depends upon the entire 
history of regimes. Later, Gray (1996) and Dueker (1997) solved this issue by reducing the 
length of dependence and approximately estimating the function. 
                                                     
12 I use the software package WinRATS from Estima for the analysis implementation. 
13 There are broadly two types of SWGARCH model in the literature, namely Gray (1996) and Dueker’s 
(1997) models. A brief discussion of the two papers is provided in Chapter 2. I use the SWGARCH 
model by Dueker (1997) to estimate the regime-switching behaviour in the public real estate markets. I 
choose Dueker’s model because its filter is simpler for estimation than Gray’s. Under the assumption of 
Gray’s paper, the conditional variance at time t is computed from aggregated conditional variance of the 
two regimes at time t-1. Therefore, the path dependence problem in SWGARCH model is avoided. Later, 
a modification of his model is discussed in Dueker (1997). The framework is essential the same, but he 
proposes a different collapsing procedure to deal with path dependence issue in the spirit of Kim (1994). 
In his framework, the conditional variance at time t depends only on the regime at time t-1: h = h (St-1 
= j). Compared to Gray’s model, Dueker’s is more general for estimation, since keeps only one lag of 
the regime, and each regime has its own variance. Dueker’s specification is also simpler for multi-step-
ahead volatility forecasting (Marcucci, 2005). 
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A simple illustration of the SWGARCH model is as follows: 
1t t ty c y                                                      (4.1) 
Where the residual t  is assumed a student-t error distribution with tn  degrees of freedom in 
the dependent variable ty : t  ~student- t (mean=0, tn , th ).   is the coefficient of 
autoregressive term at lag one. 
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where the constant in the GARCH equation is fixed at 1 as the normalization.   (  ) is the 




t  .   is the coefficient for the asymmetric term in the GARCH process. 1 0tI    if 
1 0t    and 1 1tI    if 1 0t   . The Markov process is governed by a state variable tS , 
indicating good time when 1tS   and bad times when 0tS  .The initial probability of being 
in regime i  is given  by 1Pr( ) iS i p   where 1S  is the first regime in the Markov chain. The 
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                                                         (4.3) 
where 1Pr( | )ij t tp S j S i    denotes the transition probability to state j  at time t  from 
state i  at time 1t  . 
 Empirical result 
4.3.1 Diagnostic checking on univariate Markov switching GARCH model 
Before proceeding to the empirical analysis, I first select which volatility model performs best 
in characterizing market volatilities. I compare simple GARCH, SWARCH model and 
SWGARCH model in terms of log-likelihood value, model selection criteria (Bayesian 
Information Criteria (BIC) and Akaike Information Criteria (AIC)), serial correlation test and 
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ARCH effect test. All the models are specified with ARCH/GARCH order at one with leverage 
effect. For the latter two Markov switching models, two regimes are assumed14.  
As shown in the first row of all Panels in Table 4.1, both AIC and BIC largely supports the 
SWGARCH model (the minimized AIC/BIC value across three panels is highlighted in bold). 
Therefore I reckon that SWGARCH outperform other traditional models in terms of data fitness 
and model complexity. Further, for SWGARCH model, the serial correlation is greatly 
eliminated at both level and square of residuals according to LB test. The LM test in the last 
row of each panel also rejects the ARCH effect in the residuals in most cases. Given the better 
statistical performance of SWGARCH specification, it is adopted in the analysis thereafter. 
Table 4.1 Univariate Regime Switching Model Selection 
 AU HK JP SG FR GR UK CA US 
Panel A: Standard GARCH (1,1) model 
AIC 4.698 5.543 5.626 5.460 4.685 5.106 4.838 4.730 4.377 
BIC 4.725 5.570 5.652 5.486 4.711 5.132 4.864 4.756 4.403 
LB(12)-
Levels 
8.19 17.82 17.16 29.131 16.10 16.15 8.66 26.471 9.89 
LB(12)-
Squares 
7.88 8.58 9.29 9.54 7.15 15.60 17.17 4.41 4.97 
LM(6) 
Test 
2.82 2.40 6.36 2.16 5.33 12.642 2.02 2.79 1.19 
Panel B: Regime switching ARCH (2,1) model - SWARCH (2,1) model 
AIC 4.706 5.545 5.636 5.477 4.693 5.075 4.883 4.690 4.408 
BIC 4.750 5.589 5.680 5.521 4.737 5.119 4.928 4.734 4.452 
LB(12)-
Levels 
4.30 12.20 30.461 28.661 21.732 20.612 13.76 21.40 21.242 
LB(12)-
Squares 
116.981 91.931 58.091 151.461 180.501 222.021 361.761 21.40 161.241 
LM(6) 
Test 
4.24 0.86 10.06 76.631 14.272 133.501 6.65 138.04 22.191 
Panel C: Regime switching GARCH (2,1,1) model – SWGARCH (2,1,1) model 
AIC 4.684 5.507 5.606 5.396 4.672 5.046 4.825 4.663 4.316 
BIC 4.732 5.555 5.655 5.445 4.720 5.095 4.873 4.712 4.365 
LB(12)-
Levels 
6.73 12.53 15.67 17.52 16.72 11.17 8.36 11.55 4.04 
LB(12)-
Squares 
19.99 9.50 19.323 9.83 12.78 9.49 9.80 9.36 10.73 
LM(6) 
Test 
10.07 2.85 16.082 5.93 2.30 2.39 3.76 6.19 8.37 
                                                     
14 One ARCH order is determined so that there is no serial autocorrelation in the residuals. 
To reduce the heavy computation of SWGARCH model, I only consider regime switching models with 
two regimes. The choice of two regimes (a normal regime and a crisis regime) is necessary to adequately 
characterize the dynamics of property markets. It is also consistent with observation of property market 
cycles, and is easy for interpretation. 
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Notes: the minimum value of AIC/BIC is highlighted in bold. 1, 2, and 3 indicate significance level at 
1%, 5% and 10%, respectively. All the three models are specified with one ARCH/GARCH lag. 
Markov switching models are specified with two volatility regimes 
4.3.2 Switching volatilities in global property markets 
The 2-state SWGARCH model is estimated independently in each of property market returns. 
The two regimes are referred to as one low volatility regime with high return and one high 
volatility regime with low return, respectively. The high volatility regime corresponds to the 
financial crisis period which takes place only occasionally. The low volatility coincides with 
normal tranquil period and accounts for most of the sample period. The result is reported in 
Table 4.2: 
(a) The first three columns report the parameters in the GARCH process. Both 𝛼 and 𝛽 are 
largely significant and the summation is close to unity, indicating high persistence of 
the conditional volatility as in Lamoureux and Lastrapes (1990). Unlike standard 
GARCH models which attribute all the volatility persistence to the persistence of 
individual shocks, the regime switching GARCH model introduces “regimes” as the 
extra source of volatility persistence, thereby enhancing the flexibility in describing the 
properties of financial shocks. In other words, the volatility persistence is considered 
as the consequence of persistence of high- and low- volatility regimes (Klaassen, 2002). 
(b) ( )tgv S  is a normalization factor which is used to scale down the conditional volatility 
process in the respective regime. Take the US real estate market as an example, a switch 
from Regime 1 to Regime 2 indicates a rise in the variance by 6.357 times (0.178/0.028). 
The switch between Regime 1 and Regime 2 implies a substantial increase in the 
market risk. The average increase of variance from Regime 1 to Regime 2 is roughly 
4.265 times.  However, this effect is not significant in FR and to a lesser extent AU, 
implying that switching regime behaviour may not exist in these property markets’ 
volatilities. 
(c) ( , )P i j  as presented in the transition matrix indicates the transition probability of 
changing from state j  to state i . As is shown,  1,1P  is highly significantly and 
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rather close to unity for most markets, indicating persistence of low volatility state, 
respectively. However, the probabilities for the high volatility regime  2,2P  remain 
relatively lower, such as AU, JP and SG. From the value of transition probability, we 
are able to infer the time length the market stays in a particular regime. For example, 
in the US, the low volatility regime is expected to last for 
1(1 0.952) 20.8   weeks, 
while the high volatility regime is expected to last for 
1(1 0.690) 3.2   weeks only. 
On average, the nine sample markets stay in the low volatility regime for 10.9 weeks, 
and stay in the high volatility regime for 2.5 weeks. Additionally, the transition 
probability of low to high volatility regime is given as 12p  in the matrix, while the 
probability of high to low volatility regime is presented as 21p . A higher value 
indicates it is more probable a regime can switch to the other one. For example, in AU, 
the probability of jumping from high to low volatility regime is as high as 64.4%. As a 
result, it is unlikely for the high volatility regime to be persistent, which lasts for only 
1.6 weeks. 
Table 4.2 Estimation Results of Univariate Regime Switching GARCH Model 






























































































































































































Results are reported based on the equation: 
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. 
Where the residual 
t  is assumed a student-t error distribution. 
Figure in the brackets is standard deviation of the estimated coefficient. 1, 2 and 3 indicate the significance 
level at 1%, 5% and 10% level, respectively.  
 
In Table 4.3, I summarize the behaviour of the property market return/volatility changes over 
low- and high-volatility regimes. The result reveals that the characterization of volatility 
regimes well correspond to the bull and bust market state in the public real estate markets. 
However, this low-high regime changes are not perfectly replicated in JP, and the high-
volatility regime is not clearly identified in FR and UK. Together with the short duration of 
volatility regimes which ranges from 1.7 to 5.8 weeks, the result implies that the SWGARCH 
model does not well characterize the bull-bear cycles in these markets. 
Table 4.3 Return and Variance in Two Volatility States: 1992 Jul to 2014 June  
 AU HK JP SG FR GR UK CA US 
Panel A: Low volatility state 
Mean 0.242 0.221 -0.043 0.229 0.292 0.213 0.296 0.312 2.167 
Variance 7.833 0.226 11.917 11.319 1.777 6.941 1.416 4.931 4.836 
Duration 20.4 9.5 5.8 4.8 1.7 6.8 2.8 25 20.8 
Panel B: High volatility state 
Mean. -4.607 -1.599 2.361 -0.458 0.194 -0.770 0.075 -1.901 -1.524 
Variance 104.542 134.238 121.190 110.142 18.916 85.003 16.600 50.017 7.902 
Duration 1.6 2.3 1.7 1.5 2.0 2.0 4.0 4.3 3.2 
Notes: the mean and variance are derived from SWGARCH model estimation using weekly S&P 













Panel A to C of Figure 4.1 plot the estimated probabilities of being in state 1 (low volatility 
state) for all the property markets. The smoothed probability of being in state 2 (high volatility 
state) can be inferred by subtracting the plotted probability from unity. Following the definition 
of Hamilton (1989), the observation at date t belongs to state i if the smoothed probability 
 1 3Pr | , ,...,t T Ts i y y y    is larger than 0.5
15. This figure allows us to track the identification 
of volatility regime in the particular market. It is observed that the low volatility probability of 
AU, HK, CA, the US property market is higher than 0.5 for most of the time, whereas that of 
JP, SG and European counterparts frequently drop to low level and visit high volatility state. 
The unstable volatility regimes suggest that the regime-switching behaviour in these markets is 
easily influenced by a broad set of market information. In fact, the 1997 Asian financial crisis, 
the 2007 global financial crisis and the following European sovereign debt crisis are all found 
to impose an impact on the volatility regimes of these markets simultaneously, since all the 
markets switch to the high volatility state. 
Figure 4.1 Smoothed Probabilities of Being in the Low Volatility State 
Panel A Asian Pacific Property markets 
Panel B European Property markets 
                                                     
15 From the smoothed probability, it is possible to make inferences on the unobserved state 
tS based on 
all the information from the sample. This is different from the concept of transition probabilities, which 
denote the persistence of the state. 
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Panel C North American Property markets 
 
Panel A to C of Figure 4.2 present the time-varying conditional volatility of the sample property 
market returns. Under the Markov switching framework, the volatility process can be 
interpreted as expected value since it is weighted by the normalization factor ( )tgv S  and the 
smoothed probability in the respective state. As is observed, the volatility persistence, which is 
usually found in conventional GARCH framework, is significantly reduced. The volatility 
value quickly reverts back to normal level after peak value caused by shocks. US, GE, AU, HK, 
SG are found to display higher level of market volatilities. In particular, the expected variance 
is observed to be everywhere high during the subprime crisis around 2008, when the expected 
volatility can be more than ten times higher than in normal tranquil period. For the Asian 
property markets in Panel A of Figure 4.2, the estimated volatility reached even higher peak 
value during the Asian financial crisis period, such as HK and SG where the strike from the 
crisis is most severe. The European property markets in Panel B generally displays lower level 
of volatility than the Asian counterparts. They stay in the low volatility state since the start of 
the sample period, but quickly climb to peak value from year 2007. Similarly, the North 
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American property markets in Panel C are hit most severely by the global financial crisis with 
highest level of market volatilities.  
Figure 4.2 Conditional Volatility of Global Real Estate Market Returns 
Panel A Asian property market  
 
Panel B European property market 
Panel C North American property market 
 
4.3.3 Prediction of real estate volatility 
Whilst evaluating past performance may help us understand the unique risk characteristics of 
public real estate, investors care more about how the introduction of regime shifts may help 
predict the future performance of real estate securities. Firstly, the in-sample forecast using all 
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available data is conducted to compare the model’s fitted volatility to the actual volatility. 
However, this procedure is known to draw an overly optimistic picture of the model’s 
forecasting ability. To address this concern, a one-step-ahead out-of-sample forecast is also 
provided. The model parameters are estimated from 1992/07/02 to 2010/01/28 (918 
observations, 80% of the sample data), and the forecasting horizon is from 2010/02/04 to 
2014/06/26 (230 observations)16. For comparison, I also test the forecasting performance of 
SWARCH(2,1)17 and GARCH (1,1) model, both with an asymmetric term in the variance 
equation. 
The other issue of volatility forecast involves the proxy of ex-post volatility. The mean-adjusted 
squared return, though unbiased, is known to be a noisy measurement that leads to the bad 
forecasting performance of many models (Andersen and Bollerslev, 1998). To obtain a more 
accurate proxy for “observed volatility”, this paper employs the measurement of realized 
volatility, which can significantly reduce the noise (Andersen et al., 2003). It is calculated as 
the sum of all squared returns within a period. Since the highest frequency available for S&P 
property market index is daily, the observed volatility is constructed from the sum of squared 








                                                        (4.4) 
where tRV  is the realized variance at week t , and ir  is the daily return at trading day i . 








MSE n RV h  

                                   (4.5) 
                                                     
16 Another longer in-sample period from 1992/07/02 to 2013/12/26 is estimated, and the forecasting 
period is from 2014/01/02 to 2014/06/26. The results remain largely unchanged. 
17 To be consistent, we estimate Markov switching ARCH(2,1) with two volatility regimes and one lag 














                                 (4.6) 
These two functions are suggested by Patton (2011) to be robust regardless of the proxy being 
used. They are the most widely used loss functions in econometrics to evaluate the forecasting 
performance of models. To compare the volatility forecast performance across standard 
GARCH, SWARCH and SWGARCH models, Table 4.4 summarizes the loss function of both 
Mean Squared Error (MSE) and QLIKE values of the one-step-ahead forecast. In Panel A and 
B, the result supports both the better forecasting performance of SWGARCH(2,1,1) model in 
terms of MSE and QLIKE. On the one hand, the in-sample forecasting of SWGARCH (2,1,1) 
model performs well. On the other and, the out-of-sample forecast gives a less uniform picture 
as to which model forecast better. According to MSE value, GARCH(1,1) model, and to a lesser 
extent SWGARCH(2,1,1) model has better forecasting capability. The QLIKE value suggests 
that SWGARCH(2,1,1) models outperforms the two alternatives in 6 out of 9 cases. Overall, I 
am inclined to conclude that SWGARCH model is the best in-sample forecast performer, but it 
provides poorer out-of-sample forecast. This finding is consistent with previous research such 
as Engel (1994) and Dacco and Satchell (1999), which shows that regime-switching models are 
better at in-sample forecast than out-of-sample forecast. As shown in Crawford and Fratantoni 
(2003), there is a tendency that regime switching models forecast better over longer horizons 
(e.g. 10 years). It may be due to the fact that the longer the time period, the higher the probability 
of structural break. Therefore, it becomes more important to incorporate regime switching 




Table 4.4 Comparisons of One-Step Ahead Forecast Performance 
Notes: the figures in bold indicates the forecasting criteria is minimized under this model. The in-
sample forecast is based on parameter estimates of the full period. The out-of-sample forecast is based 
on the model estimated from 1992/07/02 to 2010/01/28, and the one-step-ahead forecasting period is 
from 2010/02/04 to 2014/06/26. 
The value of MSE and QLIKE for in-sample forecast is reported in Panel A and B, respectively. The 
value of MSE and QLIKE for out-of-sample forecast is reported in Panel C and D, respectively. 
 Summary 
The dynamic volatility of international real estate markets have been well studied. Motivated 
by the frequent occurrence of extreme financial events and persistence of shocks, this study 
provides a different perspective by distinguishing between low and high volatility period where 
the risk-return attributes of individual markets could be dramatically different. The fruitful 
result produced provides a number of valuable additions to the existing literature: (a) there 
exists significant volatility regime switching behaviour between low and high volatility period 
among most of the sample real estate markets. But the volatility regime is not clearly identified 
in France; (b) the GARCH model with switching regimes in the conditional volatility process 
can well deal with the volatility persistence issues usually found in previous literature18; (c) the 
                                                     
18 Volatility persistence issue refers to the property that large moves and small moves of price process 
are clustered together. Lamoureux and Lastrapes (1990) show that traditional GARCH model may 
overestimate volatility persistence without considering the structural shifts in the data. Such 
Market 
In-sample forecast Out-of-sample forecast 
SWGARCH(2,1,1) SWARCH(2,1) GARCH(1,1) SWGARCH(2,1,1) SWARCH(2,1) GARCH(1,1) 
Panel A: MSE value 
AU 300.27 475.76 381.59 104.69 339.55 105.04 
HK 593.22 859.08 797.09 157.11 152.54 206.92 
JP 568.72 769.84 724.45 345.13 471.45 563.78 
SG 766.12 1314.60 1115.75 54.28 717.45 224.87 
FR 117.67 149.43 140.26 403.37 244.73 391.33 
GR 466.72 583.54 523.00 586.32 248.78 188.46 
UK 155.65 251.34 206.35 197.06 376.76 173.21 
CA 78.73 151.15 203.37 95.51 111.30 53.97 
US 1158.58 1905.09 857.10 455.77 384.20 330.55 
Panel B: QLIKE value 
AU 0.27 0.35 0.34 0.47 0.91 0.49 
HK 0.34 0.44 0.45 0.80 0.82 0.91 
JP 0.33 0.43 0.44 0.52 0.72 0.80 
SG 0.32 0.49 0.45 0.64 1.82 1.08 
FR 0.30 0.38 0.36 0.69 0.53 0.69 
GR 0.36 0.42 0.47 0.95 0.71 0.61 
UK 0.35 0.39 0.43 0.77 0.85 0.48 
CA 0.30 0.34 0.43 0.55 0.90 0.59 
US 0.42 0.64 0.57 0.74 0.92 0.84 
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volatility regimes can well identify property market cycles with a negative return-high volatility 
regime and a positive return-low volatility regime. But this pattern is not evident in JP, FR and 
the UK; (d) the regime switching GARCH model performs better in terms of in-sample fit and 
predictability than standard GARCH model or SWARCH model for the sample markets studied. 
However, it does not outperforms other models in out-of-sample forecast uniformly among all 
the markets. 
From a practical perspective, with the frequent occurrence of financial crisis during the last two 
decades, it is imperative and timely to understand the consequences of extreme financial events 
and highlight the downside market risk to both investors and policy makers. During the 
financial crises, all markets shift to the high volatility regime which send out a dangerous signal 
to portfolio managers from a global diversification perspective. Accordingly if investors and 
fund managers are alerted to the behaviour of switching volatility regimes in the public real 
estate markets, they can consider appropriate strategies to rebalance their portfolios. In 
particular, Asian securitized real estate markets display higher risk as well as higher reward 
than European and North American counterparts. This is an indication that investors can choose 
securitized real estate markets in different regions based on their risk attitudes. Meanwhile, with 
the development of regime-switching prediction technique, investors do not have to bet on the 
occurring of financial crisis. Instead, investors can take protective measures before the financial 
crises arrive. 
This chapter has provided preliminary evidence on the existence of volatility regimes among 
developed real estate markets. In addition to the univariate analysis, the degree of cross-market 
integration subject to regime-switching in a bivariate framework is studied in the following 
chapter. 
  
                                                     
measurement of volatility persistence is subject to misspecification issues, the details of which are 
provided in Lamoureux and Lastrapes’ (1990) paper. 
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Theoretically, comovement across financial returns is due to correlated changes in 
fundamentals. This “fundamental” view has explained most instances of comovement across 
public real estate markets, which are driven by the common factor to shocks of their future 
earnings (Ling and Naranjo, 2002). Recently, the trend of globalization, together with the 
reform of financial systems, has further fostered the comovement of global public real estate 
markets. A growing number of empirical evidence has supported the expectation of a 
diminishing diversification benefit on global real estate investment diversification benefits 
(Bond et al., 2006; Bardhan et al., 2008). Given the fact that all relevant currency and financial 
crises originated in one market before quickly spreading to other economies and leading to 
substantially more volatile real estate stock prices, it is of particular importance to focus on the 
dependence across developed public real estate markets. The reasons are twofold: On the one 
hand, portfolio managers need the knowledge of both frequency and duration of the financial 
crisis. On the other hand, it is also crucial to understand the behaviour of volatility transmission 
and correlations across different markets.  
There has been extensive literature on the unique features of comovement of global public real 
estate markets (Liu and Mei, 1992; Liow and Ibrahim, 2010; Hoesli and Reka, 2013). This is 
important because comovement across markets can influence the distribution of portfolio 
returns. And empirical evidence has shown that market volatility can have a substantial impact 
on the cross-market correlations. A number of studies have investigated this time-varying 
correlations structure based on particular assumptions of market performance, such as sub-
sample analysis. To this end, this research utilizes a more generalized framework to consider 
the comovement of global public real estate markets. This method is desirable to capture the 
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frequency and duration of financial crises. Based on the findings of previous chapter, the high 
volatility regime in the individual market is likely to coincide with each other, especially during 
major global crisis episodes. This provides some preliminary evidence of synchronized 
behaviour across markets. 
The primary objective of this chapter is to investigate the regime-switching behaviour in the 
correlation structure and volatility transmission across public real estate markets. Specifically, 
this research investigates how shocks in one market can influence the volatilities of the other 
from a regime-switching perspective. A bivariate regime-switching framework is constructed 
to study bidirectional volatility transmission between the US and non-US markets 19 . In 
particular, this research adopts a bivariate Markov switching-BEKK-GARCH (BEKK-
SWGARCH) framework, where the propagation of shocks and cross-market correlation are 
dependent upon volatility regimes20. This framework can facilitate the understanding of state-
dependent behaviour of global public real estate market interactions. 
I find that the correlation and volatility transmission of each market pair is subject to regime-
switching behaviour over time. In the crisis regime, the US public real estate market dominates 
the market trend and spillovers its volatility to six out of eight markets. The time-varying 
correlation coefficient of each market pair also reaches the peak during the global financial 
crisis in 2007. 
The primary contribution of this research is to extend the univariate regime-switching volatility 
model to a bivariate one. The bivariate GARCH formulation can shed light on the interactions 
of volatilities and shocks across global public real estate markets. In particular, the substantial 
increase of cross-market interactions in the crisis regime indicates severe consequences of 
                                                     
19 In this research, only the relationship between the US and non-US market is considered. The US market, 
being the world’s largest, most mature and most transparent public real estate market is an apparent 
choice. The US market is a mainstream choice for investors and its relationship with other markets are 
cared the most. Therefore, by showing the US market results, the findings of this research will be useful 
for more investors. 
20 Given the computational difficulty, I only consider bivariate regime-switching framework. The BEKK 
specification of bivariate GARCH model is firstly developed by Engle and Kroner (1995). The detailed 
description of this model is provided in Section 5.2.  
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financial crisis on the global public real estate markets. On the other hand, the bivariate setting 
allows the dynamics of two public real estate market returns to be estimated jointly. Most 
importantly, the volatility regimes are determined simultaneously and common for both 
markets. It can give a clearer picture of whether a transition from high volatility regime to low 
volatility regime affects the cross-market volatility transmission relationship. 
The layout of this chapter is as follows. Section 5.2 discusses the methodology used. Section 
5.3 presents the empirical findings and Section 5.4 summarizes the finding of this chapter. 
 Methodology21 
In order to capture the cross-market comovement and volatility spillover, a bivariate 
SWGARCH model is adopted. However, a primary concern about regime-switching models is 
its computational difficulties. Considering the complexity of bivariate SWGARCH model, it is 
more plausible to adopt a smaller model to avoid the problem of over parameterization22. 
Following the previous literature (Billio and Caporin, 2005; Haas and Mittnik, 2008), the model 
presented in this current research adopts a BEKK specification (Engle and Kroner, 1995), 
which can ensure a positive-definite conditional variance matrix and reduce the number of 
coefficients to be estimated. In addition, this research only considers two volatility regimes to 
keep the parsimony of bivariate SWGARCH model23. In particular, the volatility processes of 
both markets share the same two-regime state variable 𝑠𝑡: 
Regime 1 ( 0ts  ): individual market return & US market return - positive return and low 
volatility; 
Regime 2 ( 1ts  ): individual market return & US market return  - negative return and high 
volatility; 
                                                     
21  I use the software package Time Series Modelling 4.0 (TSM) from OxMetrics for the analysis 
implementation. 
22 For example, in a four-regime model, there will be 6 × 2 × 4 = 48 model parameters and 4 × 4 = 16 
transition probabilities to be estimated.   
23 In the bivariate setting, there can be 2 × 2 = 4 regimes to characterize the combination of low-high 




The two regimes are consistent with observation of financial market behaviour. To explain, 
Regime 1 is a financial “tranquil” period when both markets experience economic expansions 
or bull market. In contrast, Regime 2 corresponds to periods of joint market falls or financial 
turbulence between the two markets. During this period of high volatility, investors are greatly 
exposed to downside market risk and potential spillover effect from other markets. 
The bivariate BEKK-SWGARCH model used in this research is defined as follows: 
,
Ta b
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 Student-t (0, , ,,t ts t s tN H )                           (5.2) 
The conditional mean ,ts t  is allowed to switch according to the state variable ts .  1,2ts   
is an unobserved Markov chain governing the regime switches between the two states. The 
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where  |ij t tp p s j s i    in row i  and column j . 
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where the diagonal elements of ,t
a
s t
H  and ,t
b
s t
H  are state-dependent variance of market a and b, 





Cov  specify the covariance between the two 
markets.  
According to Haas and Mittnik (2008), constraints need to be imposed to ensure the positive 
definiteness of conditional covariance matrices. The parameterization with these restrictions 
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can be achieved by the BEKK model of Engle and Kroner (1995). The BEKK model of a 
bivariate case in the regime-switching setting is as follows: 
1 11
, , 1 , 1, 1 ,11 ,11t t tt t t t t t t
T T T T
s t s t s ts s s s t s s s
H C C A A B H B 
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                          (5.5) 
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It can also be transformed into systems of equations (To save space, GARCH terms are 
suppressed and can be expanded in the same manner): 
 
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  ( 2 ,22ts ) is the coefficient of lagged own-volatility shocks at regime ts  for market a (b); 
,11 ,21t ts s
   ( ,12 ,22t ts s  ) are the coefficient of cross products of lagged shocks between market 
a and b; 
2
,11ts
  ( 2,22ts ) is the coefficient of lagged own-volatility at regime ts  for market a (b); 
,11 ,21t ts s
   ( ,12 ,22t ts s  ) are the coefficient of cross products of lagged volatility between 
market a  and b . 
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In the BEKK version of multivariate SWGARCH model, there are only 8 parameters involved 
in each regime. Once the BEKK model is estimated, the matrices 
ts
A  and 
ts
B  in (5.6) can be 
solved through maximizing the log-likelihood function24. 
 Empirical result 
5.3.1 Diagnostic checking on bivariate BEKK-SWGARCH model 
Before the application of a BEKK-SWGARCH (1, 1; 2) model, it is necessary to check if it 
offers the best fit of sample data. To this aim, a number of model selection criteria are applied, 
including AIC, BIC and Log-likelihood ratio (LR) test following prior literature (Hardy, 2001). 
Two popularly used GARCH models based on simpler and non-switching structure are 
considered for comparison: (1) Bivariate GARCH (1, 1) model and, (2) Bivariate BEKK-
GARCH (1, 1) model. The results are reported in Table 5.1. 
Firstly, the AIC selects the BEKK-SWGARCH (1, 1; 2) model in all markets, with all values 
minimized in Panel C. Secondly, the value of BIC is minimized  in six out of eight market pairs 
in Panel C, as BIC gives heavier penalty to the number of parameters. Next, the rejection of LR 
test statistics in Panel A and B is in support of bivariate switching-regime models with more 
parameters against simpler models. Last but not least, the low value of regime classification 
measure (RCM) suggests using a switching-regime model against non-switching models25 for 
all markets. Overall, the result from Table 5.1 is inclined to conclude that BEKK-SWGARCH 
(1, 1; 2) model statistically outperforms its alternatives in describing the in-sample joint return 
distribution, and the result will be analysed thereafter. 
                                                     
24 In a GARCH model, the lagged variance term will depend upon the entire prior history of the regimes. 
Thus, the exact likelihood function can’t be computed, particularly in large finance data sets. Clearly it 
is not practical to examine all the past values of state variables. Instead, some form of approximation is 
required to reduce the length of dependence. 




 is collapsed right away at time 1t  . In 
other words, the current value of ,ts tH  only depends on the past volatility regimes up to time 1t  .   
25 It was first proposed by Ang and Bekaert (2002a) to measure if the number of regimes k is adequate. 
The value of RCM can range from 0 to 100. Lower RCM denotes better regime classification. The cut-
off value of a well-specified switching regime model is suggested to be 50 in literature. 
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Table 5.1 Statistical Fit of Bivariate BEKK-SWGARCH Model 
 AU HK JP SG FR GE UK CA 
Panel A: Bivariate GARCH (1,1) model 
K 12 12 12 12 12 12 12 12 
Log-likelihood -4046.5 -4561.6 -4646.9 -4497.2 -4067.7 -4283.3 -4138.0 -3934.7 
AIC 7.077 7.975 8.124 7.863 7.114 7.490 7.236 6.882 
BIC 7.130 8.028 8.176 7.915 7.166 7.542 7.289 6.935 
LR test 122.8*** 68.6*** 46.3*** 65.5*** 156.5*** 81.5*** 117.2*** 185.5*** 
Panel B: Bivariate BEKK-GARCH (1,1) model 
K 12 12 12 12 12 12 12 12 
Log-likelihood -4073.5 -4562.6 -4662.2 -4508.4 -4053.6 -4293.7 -4159.3 -3991.2 
AIC 7.124 7.977 8.150 7.882 7.089 7.508 7.273 6.980 
BIC 7.177 8.029 8.203 7.935 7.142 7.560 7.326 7.033 
LR test 176.8*** 70.6*** 76.7*** 88.0*** 128.3*** 102.1*** 159.8*** 298.3*** 
Panel C: Bivariate BEKK-SWGARCH(1,1;2) model 
K 24 24 24 24 24 24 24 24 
Log-likelihood -3985.1 -4527.27 -4623.8 -4464.4 -3989.4 -4242.6 -4079.4 -3842 
AIC 6.978 7.922 8.090 7.813 6.986 7.427 7.143 6.729 
BIC 7.084 8.028 8.196 7.918 7.091 7.532 7.248 6.835 
RCM 22.9 15.4 22.1 17.5 25.3 25.2 26.1 38.0 
Notes: K represents the number of parameters in a model. The LR test compares the current model (restricted) in Panel B or Panel C to the bivariate MS-BEKK-GARCH(1,1;2) model 
(unrestricted). The rejection of the test statistics supports the unrestricted model. The AIC/BIC in bold indicates the value is minimized under the model specification. RCM refers to 









   , where tp  is the smoothed regime probability in regime 1.
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5.3.2 Volatility transmission and cross-market comovement 
Volatility transmission  
The bivariate framework allows us to see how the US-international shock transmission and 
correlation behave between low- and high- volatility regimes. Table 5.2 reports the main 
estimated coefficients of the conditional mean and volatility equation from the joint switching-
regime model. The first two panels in the table are the parameter estimates for conditional mean 
and variance equation of the individual market in Regime 1 and 2. The third and fourth panels 
report the corresponding regime-dependent coefficients for the US market in Regime 1 and 2. 
Table 5.3 presents the transition probabilities and residual diagnostic tests of the bivariate 
model. In most cases, the bivariate SWGARCH model can well capture the structure of 
autocorrelation in the level and squared standardised residuals with the q-statistic of Ljung-Box 
(LB) test failing to reject the null hypothesis of no autocorrelation. This is an indication of good 
fit of return process by the bivariate SWGARCH model.  
Table 5.2 Estimation Results of Bivariate BEKK-SWGARCH(1, 1; 2) Model 
Market AU HK  JP SG FR  GE  UK CA 






























































































































































































































































































































































































































Notes: ***, ** and * indicate significance level at 1%, 5% and 10%, respectively. 
Table 5.3 Diagnostic Tests of Bivariate BEKK-SWGARCH(1, 1; 2) Model 
Market AU HK  JP SG FR  GE  UK CA 
Transition probability and diagnostic tests 
11p  0.963 0.991 0.979 0.980 0.962 0.968 0.957 0.992 
22p  0.819 0.992 0.983 0.920 0.850 0.938 0.798 0.986 
Q(12)- 
Level ( i ) 
14.97 30.66*** 32.45*** 34.10*** 14.60 11.86 3.16 15.44 
Q(12) – 
Squared ( i ) 
15.40 12.26 12.79 18.69* 9.42 13.52 13.84 8.12 
Q(12)- 
Level (US) 
5.290 4.28 5.92 4.78 3.37 4.50 3.86 6.75 
Q(12) – 
Squared (US) 
9.054 13.14 11.75 42.48*** 6.95 7.57 15.20 12.22 
Notes: ***, ** and * indicate significance level at 1%, 5% and 10%, respectively. 
Q(12)-Level (i) indicates the LB test statistics for level residual at lag 12 for the individual market. 
Q(12)-Squared (i) indicates the LB test statistics for squared residual at lag 12 for the individual market. 
Q(12)-Level (US) indicates the LB test statistics for level residual at lag 12 for the US market. 
Q(12)-Squared (US) indicates the LB test statistics for squared residual at lag 12 for the US market. 
Instead of explaining all the coefficients respectively, I will summarize the key findings 
generated from the variance equations in Table 5.4. Specifically, I compare the difference of 
shock transmission and volatility spillover in each market pair in both directions and volatility 
regimes. To this end, I compare the magnitude of respective coefficients between high volatility 
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regime and low volatility regime26. The expectation is that, the shock transmission and volatility 
spillover is much higher during the high volatility regime than during the low volatility regime. 
Overall, the result shows that the number of supporting and significant cases is much higher 
than unsupporting or insignificant cases. It confirms that the cross-market interactions is 
intensified during the high volatility regime. 


















US→market i (shock) 5 2 1 
market i→US (shock) 4 1 3 
US→market i (volatility) 7 0 1 
market i→US (volatility) 3 3 2 
Notes: this table reports the results of four different hypothesis: 
1) In the high volatility regime, the shock transmission from the US market to individual market i is 
larger than that in the low volatility regime ( 1,21 0,21  ) . 
2) In the high volatility regime, the shock transmission from the individual market to the US market is 
larger than that in the low volatility regime ( 1,12 0,12  ). 
3) In the high volatility regime, the volatility spillover from the US market to individual market i is larger 
than that in the low volatility regime 1,21 0,21  . 
4) In the high volatility regime, the volatility spillover from the individual market i to the US market is 
larger than that in the low volatility regime 1,12 0,12  . 
 
 
                                                     
26 For example, to compare if the shock transmission from the US market to the individual market is 
larger during the high volatility regime, I compare the coefficients of 1,21  is larger than 0,21 . 
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Figure 5.1 plots the smoothed probability estimates of Regime 1 to track the regime switching 
behaviour in the markets. The probability of Regime 2 can be obtained by deducting the 
probability of Regime 1 from unity. It shows how the public property market pair jointly 
responds to shocks (e.g. financial crisis/economic recessions) over the sample period. 
Hamilton’s (1989) cut-off value is adopted for the distinction between two regimes. An 
observation belongs to regime i if the smoothed probability 𝑃𝑟𝑜𝑏(𝑠𝑡 = 𝑖|𝑦𝑇 , 𝑦𝑇−1 … 𝑦−3) is 
larger than 0.5. The volatility switching behaviour in each market pair is different from one and 
another. Most of the market pairs are apt to shifts between the two volatility regimes. It indicates 
that there are common shocks that can hit the two markets and alter their common volatility 
states frequently. The probability plot also shows that the crisis regime in HK-US, JP-US and 
CA-US pairs are rather persistent. If the high volatility regimes are long lasting and are difficult 
to revert back to low volatility regimes, it highlights a dangerous signal for investors making 
allocation in these market pairs. 
Table 5.5 lists the periods classified by low and high volatility regimes for each market pair, 
and the financial/economic events behind these periods. In essence, the high volatility regimes 
capture historical financial crisis/economic recession that hit these market pairs commonly, 
including Asian Financial Crisis (1998-1999), Dotcom Bubble (1999-2000), Global Financial 
Crisis (2007-2009) and Eurozone Crisis (2010-2011). In addition to periods of worldwide 
financial turbulence, high volatility regime also corresponds to regional or pair-specific risk, 




Table 5.5 Dates of High Volatility Regimes and Correspondent Events 
Market High volatility regime Main characteristics 
AU 
1998/06/11 – 1998/10/08 Asian financial crisis 
2001/08/30 – 2001/09/27 Dotcom bubble; 911 terrorist attack 
2007/05/10 – 2009/03/19 Subprime crisis 
2011/07/28 – 2011/12/01 Eurozone crisis 
HK 
1992/07/09 – 1994/12/08 Early 1990s recession in the US 
1997/02/13 – 2004/07/08 Property price in Hong Kong dropped by 61% from 1997 to 
2003 due to Asian economic crisis27 
2007/07/19 – 2009/01/15 Subprime crisis 
2011/07/14 – 2011/11/10 Eurozone crisis 
JP 
1992/07/09 – 1994/02/17 The burst of Japanese asset bubble since 1991; slow economic 
growth in 1992-1994 
1995/01/12 – 1995/07/06 Bad loan crisis in Japan in 1995; Mexican peso crisis in 1994-
1995 
1996/08/01 – 1999/05/27 Asian financial crisis 
1999/10/28 – 2004/08/19 The lost decade in Japan from 2000 to 2010. The nominal 
GDP fell from 4.43 in 1999 to 4.36 in 2006. 2005/08/11 – 2006/03/02 
2007/05/31 – 2009/01/01 Subprime crisis 
2013/01/10 – 2013/06/13 Debt-ceiling crisis in the US in 2013 
SG 
1998/07/23 – 1998/10/08 Asian financial crisis 
2007/02/01 – 2009/04/09 Subprime crisis 
2011/07/14 – 2011/12/08 Eurozone crisis 
2013/05/16 – 2013/09/19 Debt-ceiling crisis in the US in 2013 
FR 
2006/03/02 – 2006/05/25 NYSE announced the merger with Euronext on May 2006 
2007/01/15 – 2008/02/14 
Subprime crisis 
2008/06/12 – 2009/03/19 
2011/07/14 – 2011/12/22 Eurozone crisis 
GE 
1993/09/30 – 1993/12/23 GDP growth rate was -0.96% in Germany in 1993 
1998/02/26 – 1998/10/29 Asian financial crisis 
1999/06/24 – 2001/03/22 Early 2000s recession in the US and the European Union; 
Dotcom bubble 
2006/01/05 – 2006/07/20 Launch of Entry All Share Index on 5 April 2006, X-DAX on 
10 April 2006; Launch of General Standard Index on 2 May 
2006 
2007/03/01 – 2010/05/27 Subprime crisis 
2011/07/07 – 2011/12/25 Eurozone crisis 
UK 
1998/07/02 – 1998/10/15 Asian financial crisis 
2007/10/18 – 2009/03/19 Subprime crisis 
2011/07/07 – 2011/11/10 Eurozone crisis 
CA 
1992/07/09 – 1998/02/11 Early 1990s recession in the US and Canada; Unemployment 
rate of Canada was above 8% before 1998 
 2007/11/01 – 2009/07/02 Subprime crisis 
Cross-market comovement 
The bivariate SWGARCH estimation shows that international property stock market returns 
are linked with the US market at the second moment, especially during crisis. However, 
portfolio managers are more interested in the degree of linkages between the US and non-US 
market in order to evaluate any diversification opportunities. The conditional covariance 
                                                     




derived from the bivariate model can provide additional information on the extent of time-
varying market integration. 
The estimates of conditional volatility and the corresponding conditional covariance for each 
market pair are plotted in Figure 5.2. The figure shows that the conditional variances and 
covariance are not constant over time, and the peak mostly takes place during GFC period. 
Generally, covariance between markets are higher (lower) in periods of high (low) conditional 
volatility. The plot of conditional volatility behaviour is consistent with the historical events. 
In particular, most Asian Pacific markets witness increasing level of volatility during the Asian 
Financial Crisis during 1997-98, including SG, and to a lesser extent HK and JP. In Europe, the 
volatilities of securitized property markets slightly increase in both the Asian financial crisis 
and early 2000s. This is mainly attributed to the transition of economy with the introduction of 
euro, as well as the impact of economic recession from the US. Overall, the pattern of volatility 
is found to be stable between individual and the US market in tranquil period, whereas more 
simultaneous fluctuation is observed in major financial crisis.  
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To obtain a clearer picture of market comovement over time, the conditional correlation 
coefficient is computed based on time series of volatility and covariance. Let , ,i us t  denotes 








i t us t
                                                    (5.8) 
From a long-run perspective, , ,i us t  may change over time and be closely related to market 
conditions. For this reason, regime-switching structure is a good candidate to capture 




Figure 5.3 Conditional Correlation Estimated from Bivariate BEKK-SWGARCH Model 
for Each Market Pair
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The conditional correlations implied from both BEKK-SWGARCH model are plotted in Figure 
5.3. For comparison, the unconditional (linear) correlation is plotted in solid line. To interpret 
the result, the episodes of high conditional correlation mostly coincide with the high volatility 
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regime identified in Figure 5.2. Specifically, the correlation between the US and non-US public 
real estate markets reaches the peak during the sub-prime crisis. Meanwhile, a clear trend of 
increasing correlation is observed for most market pairs over time, indicating diminished 
benefits for investors to make asset allocations in the two markets. However, Asia public 
property markets display relatively lower correlation with the US market over the period. 
Unlike other market pairs, there is no clear upward trend of time-varying correlation in HK-US 
and JP-US, and to a lesser extent in SG-JP pairs. It implies less simultaneous comovement 
between Asian and the US public property markets due to geographical and economic 
differences. Additionally, it is apparent that the correlation estimated from BEKK-SWGARCH 
model carries much variability. This is consistent with Tse and Tsui (2002) who show that the 
conditional correlation from BEKK specification displays instability, and the regime-switching 
feature may further contribute to the variation. This finding may offer additional information 
for portfolio managers in risk hedging. 
 Summary 
This chapter examines the dynamics of conditional market volatility and comovement from a 
volatility-switching perspective. The bivariate SWGARCH model with BEKK specification is 
applied to pairs of the US and global public real estate markets. It can offer implication 
regarding the propagation of shocks between the two markets, which is relevant at the 
international level and important for the discussion of financial contagion, portfolio allocation 
and risk management. 
To summarize, the empirical results obtained are as follows: (1) a bivariate BEKK-SWGARCH 
(1, 1; 2) model can well characterize the volatility and relation between the US and other public 
real estate markets under different market conditions. It provides statistically significant 
estimates of regime-dependent covariance matrix between market pairs, and overcomes the 
assumption of constant variance/correlation in traditional literature; (2) during high volatility 
regime, the US property stock market is more inclined to spill over its shock and cause volatility 
increase in six out of eight markets, including Australia, Hong Kong, Japan, France, United 
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Kingdom and Canada; (3) both the market volatility and pair-wise covariance show substantial 
variation over time and reach the peak globally during subprime crisis with persistence; (4) the 
correlations between the global real estate markets and the US are globally high during the 
recent global financial crisis in 2007, and to a less extent between late 1990s and early 2000s. 
The findings of this research highlights significant increase of interactions between the leading 
US and other major property markets. The result is informative for international investors, since 
the benefit of global diversification benefit strategies has diminished during financial crisis. 
The simultaneous increase of volatilities among global real estate markets during the crisis 
period highlights the downside market risk for investors. Central government needs cooperation 
across borders to intervene the volatility transmission in extreme financial events. The 
application of a bivariate BEKK-SWGARCH model can offer critical information to improve 
dynamic asset allocation strategies. Asset managers need to be aware of volatility regimes and 
rebalance their portfolio accordingly. As the cross-market correlations vary significant across 
different volatility states, the diversification benefit should still be able to achieve if the 
portfolio is rebalanced appropriately in the specific regime-dependent environment. This is a 
fruitful area for future research. 
This research also provides evidence of contagion in the era of globalized real estate market, 
which will be further tested in Chapter 6.   
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The previous chapter has provided some evidence of volatility transmission and 
synchronization among global public real estate markets, especially in the high volatility regime. 
However, cross-market correlation does not necessarily imply causation between each other. 
One explanation is that the highly synchronized behaviour between the two markets is driven 
by the underlying common factors (e.g. the US interest rates). Therefore, the research of this 
chapter is dedicated to further examine the causal relationship as another indication of cross-
market dependence. Specifically, this research investigates whether the present volatility of one 
market is responsible for volatility increase of the other in the next period. This type of causal 
relationship is potentially caused by differences in the decision-making process and volatility 
levels between the two markets (Ling and James, 2000). 
The analysis of causality effect between two markets is crucial for cross-border risk-hedge 
strategies as well as return predictability for policy makers and portfolio managers. For policy 
makers, the causality analysis can help identify which market is the risk originator. If there is 
any volatile behaviour in the risk source market, the policy makers should take coordinated 
policies to cope with the current condition, so that the future performance of the domestic 
market can be stabilized. On the other hand, the causality analysis is also helpful for portfolio 
makers to signal future market performance. This study will yield additional information on the 
regime-dependent causality relationship. If the causality effect is much larger in the high 
volatility regime, portfolio managers can obtain more accurate volatility predictions in the 
financial crisis based on the causality analysis. 
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The concept of causality was firstly put forward by Granger (1969): one variable does not 
Granger-cause the other variable, if past and current information about the former cannot 
improve the forecast of the other. Existing literature suggests that REITs return can Granger 
cause unsecuritized real estate returns, but not vice versa (Neil Myer and Webb, 1993). 
Moreover, Okunev et al. (2000) show that stock market return can Granger cause real estate 
market return in a nonlinear way. Their findings also suggest that linear Granger causality test 
is not adequate to fully capture the causal relationship. However, there has been less research 
focusing on the causal relationship across global public real estate markets. Moreover, the 
changing market volatility may reveal an important impact on which market presents the 
leading information and influences the other market. It is interesting to see if the degree and the 
direction of causality relationship has been altered by the financial crisis. To address these 
issues, this research adopts the Markov switching (MS) Granger causality test (Psaradakis et 
al., 2005) and studies the switching causal relationship between the volatilities of the US and 
non-US public real estate market pairs. 
Psaradakis et al. (2005) are the first to propose a Markov switching framework to study the 
causality relationship based on vector autoregressive (VAR) model. Following this paper, there 
has been several empirical applications of this approach on the stock market and energy 
consumptions (Fallahi, 2011; Zheng and Zuo, 2013). An advantage of MS Granger causality 
test is that it does not require strong a priori knowledge of structural break dates. Specifically, 
the parameter changes of the model are directly linked to the volatility causality relationship 
between two markets, and are determined endogenously. The causality relationship is allowed 
to switch among bidirectional causality, unidirectional causality and non-causality over time. 
Such a flexible specification provides great potential to reveal the rich complexity of global 
property market linkages. For example, if the volatility of one market causes the other 
permanently over time, it is more likely to reflect the comovement in market fundamentals. On 
the other hand, if the causality effect only occurs in periods of high market volatility, it implies 
the dominant role of financial contagion. 
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The primary contribution of this research is to characterize the nonlinearity of cross-public real 
estate market volatility causality through the estimation of several causality regimes. It could 
improve the understanding of the time-varying nature of linkages across global property 
markets. The other contribution is to provide additional knowledge on the causal linkage of 
public real estate market volatilities. While most researchers have focused on the return 
causality across markets, causality dynamics of higher-order moment are somehow ignored. 
The latter is an imperative part of risk management and portfolio allocation. As explained by 
Calvet et al. (2006), joint movements in volatility can influence the distribution of portfolio 
returns. If any causal link between the volatilities of the two markets is detected, investors are 
more inclined to believe that the diversification gains from the two markets are minimal. 
Another motivation for studying comovements in volatility is to help understand the public real 
estate market behaviour and add to the discussion of contagion and volatility spillover across 
markets. 
The remainder of this paper is organized as follows: Section 6.2 provides a description of 
volatility data used in this research, and Section 6.3 presents a brief discussion on methodology. 
The empirical results will be discussed in Section 6.4, and Section 6.5 concludes this study.  
 Volatility measures  
To obtain the estimates of asset price volatilities, Pagan and Schwert (1990) and Kearns and 
Pagan (1993) have outlined a number of methods. A simple approach involves the estimation 
of unconditional volatility at low frequency using returns at higher frequency (Kawaller et al., 
1990). In this study, the weekly unconditional volatility is used to proxy for real estate market 
volatility. It is constructed from the sample variances of S&P property market return over daily 
intervals. To illustrate, the weekly volatility measures are calculated using all observations 
within each week: 
1 2 3 4
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i i i i i
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r r r r r
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                                               (6.2) 
where ir  is the market return at day i . t  is the average return at week t , and 
2
t  is the market 
variance for 1,2,...,t T .  
Given the leading role of the US real estate market and its strong impact during the GFC period, 
this study will focus on the lead-lag relationship in global real estate market volatility and the 
US market volatility. There are eight market pairs estimated, namely AU-US, HK-US, JP-US, 
SG-US, FR-US, GE-US, UK-US and CA-US. The data used in this study is in weekly format 
ranging from 1992 July 2nd to 2014 June 26th, which includes a series of major financial events 
such as AFC, IT bubble and GFC. 
Before the empirical analysis, unit root test is applied to the unconditional volatility series. Two 
different univariate unit root tests are adopted, namely Augmented Dickey-Fuller (ADF) test 
(Dickey and Fuller, 1979) and Phillips-Perron (PP) test (Phillips and Perron, 1988). In Table 
6.1, the null hypothesis of unit root is significantly rejected in both types of univariate tests, 
suggesting stationarity in the individual volatility series. To ensure that there is a single 
common dominant stationary root within each market pair, the panel unit root test by Breitung 
(2001) is performed in the last column of Table 6.1. Consistently, the null hypothesis of unit 
root is rejected for all market pairs. Following these findings, it is possible to conduct causality 




Table 6.1 Unit Root Test Result 
Market 
Univariate unit root test 
Panel unit root test (with the US 
market)  
ADF PP Breitung 
AU -7.97*** -15.15*** -7.41*** 
HK -5.01*** -29.41*** -4.10*** 
JP -15.77*** -24.90*** -10.03*** 
SG -6.56*** -27.50*** -5.04*** 
FR -6.64*** -28.00*** -6.76*** 
GE -7.41*** -32.70*** -6.10*** 
UK -5.54*** -27.23*** -5.14*** 
CA -6.19*** -26.71*** -5.02*** 
US -3.64*** -19.65*** - 
Notes: ***, ** and * indicate significance level at 1%, 5% and 10%, respectively. ADF is the Augmented 
Dickey Fuller statistic. And PP is the Philips-Perron unit root test. The null hypothesis of both tests is 
the variable has a unit root. The specification of panel unit root test includes an intercept and trend. The 
null hypothesis suggests the existence of a common unit root process. 
 
 Methodology28 
This section introduces the methodology of Markov switching Granger causality test. Unlike 
linear Granger causality test, MS Granger test models the “temporary” causal link that only 
holds during some periods. The changes in the causal link are governed by a Markov chain and 
determined endogenously. And the model can give the probability inference about changes in 
the causal link. Following the linear Granger causality test, the Markov switching causality test 
is based on a Markov switching VAR (MS-VAR) framework. The switching regimes are 
directly associated with changes in the causal link. The test is presented as follows: 
00 01 1, 1,00, 01, 1, 1, 1,
2, 2, 10, 11, 2,10 11 2, 2,1
M
t tm m t m tt t m
m t m m tt t t m tm
s s sX X
s sY s Y
    
    


        
                








 is a vector of property market volatilities. tX  represents the individual (non-US) 
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are two independent Markov state variables that takes values of 0 or 1. They denote the regime 
of the MS-VAR system at date t . The intercept ( 00 01 10, ,    and 11 ), autoregressive 
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As an outcome of regime changes, it is evident the causal link between tX  and tY  will be 
affected correspondingly. The coefficients of 1,m  and 2,m  are critical in determining the 
causal link. To specifically explain, equation (6.3) takes the following forms as tS  changes: 
when 1tS  , 
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The above equations (6.5) to (6.8) clearly show how tS  can reflect the causal links in the 
model. As can be seen, when 1, 1ts   ( 1tS   or 3tS  ), there is causality effect from tY  to tX , 
 88 
 
and 2, 1ts   ( 2tS   or 4tS  ) indicates the reversed causality effect from tX  to tY . Similarly, 
when 1, 0ts   ( 2, 0ts  ), there is no causality effect from tY  to tX  ( tX  to tY ). The 
significance of causality effect is determined by testing the joint significance of 1,m  or 2,m  
at all lag lengths m  through F-test. To summarize, the causal relationship in each regime is 
translated in Table 6.2. 
Table 6.2 Changes of Causality Relationship in Each Regime 
Regime Causality relationship 
1tS   Bi-directional causality between tX  and tY  
2tS   Uni-directional causality from tX  to tY  
3tS   Uni-directional causality from tY  to tX  
4tS   No causality between tX  and tY  
The probability of switching across regimes is determined by the transition probability matrix: 
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(6.9) 
where the superscript (1) and (2) denotes the transition probabilities of independent Markov 
state variable 
1,ts  and 2,ts , respectively. The transition probability only depends on information 
up to time 1t  :   (1)1, 1, 1Pr t t ijob s j s i p    or   (2)2, 2, 1Pr t t ijob s j s i p   . 
Finally, the MS Granger causality test allows us to make probability inferences about the dates 
at which changes in causal link take place. This information can be inferred from the probability 
of the operated regime at each time point t , known as the smoothed probability: 
 1 3Pr , ,...,t t tob s i y y y                                    (6.10) 
From the time series of smoothed probability, it is possible to identify the turning points of the 
causal link over time. 
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The MS Granger causality test is attractive in many ways. The probability inference from the 
Markov switching model allows to know exactly the locations when changes of causality take 
place. In this model, changes of the causal link between two variables are modelled as the 
outcome of four regimes in the Markov switching model. This formulation offers a relative 
parsimonious way to model the complex nonlinearities of cross-market causality. 
 Empirical result 
6.4.1 Linear Granger causality test 
The linear Granger causality test is firstly applied to offer a preliminary analysis of the casual 
link between two markets’ volatilities. To detect any time-varying feature of the link, the test 
is also repeated using sub-sample data. A fixed window size of 5 years is chosen for the sub-
period analysis so as not to split major financial crises in different windows. There are five sub-
periods included: 1992/07/02-1997/07/03, 1997/07/03-2002/07/04, 2002/07/04-2007/07/05, 
2007/07/05-2012/07/05 and 2009/06/25-2014/06/26. The F-statistics and the lag lengths of the 
VAR models defined in equation (6.3) are computed and the result is reported in Table 6.3. 
“Xt → Yt” in the first column of Table 6.3 indicates the null hypothesis of non-causality from Xt 
to Yt. As can be seen, under the column “Full sample”, the F-test largely suggests the existence 
of bi-directional causality effect between the US and individual real estate securities market 
volatility. On the other hand, the sub-period test can give a preliminary analysis of time-varying 
causal relationship over time for each market pair. Indeed, the result shows that the causal 
relationship does not hold “permanently” over the whole period. For example, during the early 
two sub-periods from 1992/7-1997/7 to 2002/7-2007/7, the volatility causality effect is not 
prominent in most market pairs. And the significant causality effect almost exists uni-
directionally from the US to individual real estate market. But in later two sub-periods which 
coincide with financial turbulence or global boom, the non-causality relationships are 
significantly reduced. In particular, the causality effect between the US and individual market 




Table 6.3 Linear Granger Causality Test  
Null hypothesis Full sample 1992/7-1997/7 1997/7-2002/7 2002/7-2007/7 2007/7-2012/7 2009/06-2014/06 
AU→US 92.40[7]*** 1.63[1] 0.69[1] 0.25[1] 22.66[7]*** 8.46[2]*** 
US→AU 10.21[7]*** 0.14[1] 0.01[1] 9.83[1]*** 2.56[7]** 15.13[2]*** 
HK→US 5.06[5]*** 3.98[1]** 0.60[1] 0.66[1] 8.43[5]*** 4.28[2]** 
US→HK 4.91[5]*** 0.23[1] 1.39[1] 1.11[1] 4.53[5]*** 3.17[2]** 
JP→US 9.31[7]*** 2.37[1] 0.02[1] 0.04[1] 3.15[2]** 0.39[1] 
US→JP 4.31[7]*** 3.60[1]* 0.05[1] 0.86[1] 4.28[2]** 0.22[1] 
SG→US 1.82[7]* 1.72[1] 0.68[3] 0.07[1] 9.25[5]*** 8.99[2]*** 
US→SG 1.72[7]* 0.61[1] 2.86[3]** 6.66[1]** 9.00[5]*** 9.40[2]*** 
FR→US 17.82[8]*** 1.35[1] 0.20[1] 0.43[1] 4.70[5]*** 0.91[2] 
US→FR 10.07[8]*** 0.08[1] 4.57[1]** 8.23[1]*** 2.44[5]** 3.64[2]** 
GE→US 38.76[8]*** 0.03[3] 1.09[3] 0.01[1] 13.92[8]*** 1.81[1] 
US→GE 6.91[8]*** 0.08[3] 3.64[3]** 7.06[1]*** 1.86[8]* 4.78[1]** 
UK→US 15.68[8]*** 1.42[1] 1.20[1] 2.56[1] 6.42[5]*** 2.47[2]* 
US→UK 13.58[8]*** 4.43[1]** 4.75[1]** 2.70[1] 2.68[5]** 4.77[2]*** 
CA→US 16.50[8]*** 0.27[1] 20.26[1]*** 0.68[1] 6.73[7]*** 0.04[1] 
US→CA 21.58[8]*** 0.01[1] 2.77[1]* 3.37[1]* 5.72[7]*** 2.34[1] 
Notes:  the test statistics are F-statistics based on pairwise Granger causality tests. The number in the brackets are lag lengths of the VAR model selected by BIC criteria. *, ** 
and *** indicate significance level at 10%, 5% and 1% levels, respectively. 
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6.4.2 Markov switching Granger causality analysis 
Overall, the linear Granger causality test has provided some preliminary evidence on the time-
varying nature of causal link between the US and individual market volatilities. However, the 
sub-period Granger causality might be subject to sample selection bias. Therefore, as a next 
step, the MS Granger causality test is conducted to provide better characterization of causality 
relationship in these market pairs. 
The MS Granger causality test statistics are reported in Table 6.4 based on F-test, which 
evaluates the joint significance of ,i m  at all lags
 29. The rejection of the test denotes the 
significance of causality effect. The lag length M  for each market pair is selected by 
minimizing the BIC value. 
As shown in the result, after incorporating structural shifts in causal link, there is no evidence 
of volatility causality from HK, JP, SG, FR and the UK to the US. In contrast, the null 
hypothesis of non-causality originated from the US is significantly rejected in all market pairs, 
suggesting that the US public real estate market volatility tends to have stronger predictive 
power toward other international counterparts. It seems like the significant linear Granger 
causality effect over the full period in Table 6.3 arises from the strong linkages during/after the 
global financial crisis. Thus, the findings of linear Granger causality test have to be taken 
cautiously, since the overall effect may be biased by strong causality effect in certain crisis sub-
periods. 
  
                                                     
29 To detect any volatility causality from individual market to the US, F-test is applied with the null 
hypothesis 
0 1,1 1,2 1,: ... 0MH       . Similarly, the reversed causality effect from the US to 
individual market is evaluated through the null hypothesis of 0 2,1 2,2 2,: ... 0MH       .The 
coefficients determining the causal link (𝛾1,𝑚 and 𝛾2,𝑚) are estimated based on equation (6.3). 
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Table 6.4 Markov Switching Granger Causality Test Statistics  

















Notes: the coefficients reported are based on equation (6.3). i takes either 1 (even rows) or 2 (odd rows). 
The F-test statistics shown in the last column tests the joint significance of 
1,m  or 2,m  at all lag lengths 
m . The result indicates the significance of MS-Granger causality test. 
 
The next question is to locate the turning points that one market return can second-order 
Granger cause the other. This information can be inferred from the smoothed probability 
estimates from Markov switching models. The solid line of Figure 6.1 plots the probability that 
the US market volatility can Granger-cause individual market volatility. According to the 
definition in Table 6.2, it corresponds to the smoothed probability when ts  takes the value of 
1 or 3, namely the state variable 1,ts : 
     1, 1 3 1 3 1 3Pr 1 , ,..., Pr 1 , ,..., Pr 3 , ,...,t t t t t t t t tob s y y y ob s y y y ob s y y y           
Meanwhile, Figure 6.1 also allows to track bi-directional causality between the US and 
individual market volatility as captured in the grey-shaded area. It corresponds to the smoothed 
probability when 1ts   only. 
In Figure 6.1, it is clear that the volatility causality effect from the US market is subject to 
switching regimes, as the smoothed probability is changing frequently between 0 (non-causality) 
and 1 (causality) over time. It implies that the adjustment of causal link is sensitive to a broad 
set of market information. Moreover, the pattern of changing causality relationship is different 
from one market pair to another. The probabilities of HK-US, JP-US, SG-US, GE-US and CA-
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US are more apt to shifts between regimes. Meanwhile, for AU-US, UK-US and to a lesser 
extent FR-US pairs, the causality effect from the US has shorter durations and almost remains 
negligible in the earlier sample period.   
As indicated in the shaded area, the bi-directional relationship is largely in response to major 
crisis periods, covering AFC in 1997, early 2000s recession, subprime crisis in 2007 and 
Eurozone crisis since 2009. It implies that the causal link of real estate market conditional 
volatilities is strengthened when the market volatility is higher. And there is evidence for the 
synchronization of causality effect across different market pairs during GFC period. This 
finding could add to the discussion of contagion effect across financial markets during crisis 
periods (Kallberg et al., 2002; Wilson and Zurbruegg, 2004). As found in Liow and Newell 
(2012), both return comovement and volatility spillover across global property markets reach 
the peak point during the GFC/post-GFC period. 
Another observation from Figure 6.1 is that the presence of bi-directional causality is more 
likely to occur in the second half of the sample period. For all the market pairs, the longest 
duration of volatility interdependence is from year 2007 to 2010, triggered by GFC. More 
recently, the two markets have again switched to the regime of bilateral influence. This pattern 
further highlights that global property markets perform in a more integrated way, driven by 
economic globalization and a sequence of financial crises over the years. 
Figure 6.1 Smoothed Probability of Causality Effect for Each Market Pair 
(a) Australia and the US 
 
  
















(b) Hong Kong and the US 
 
(c) Japan and the US 
 
(d) Singapore and the US 
 
(e) France and the US 
 
(f) Germany and the US
 








































































(g) United Kingdom and the US 
 
(h) Canada and the US 
 
Notes: the solid line indicates the smoothed probability of US market volatility causing the non-US 
market volatility. The shaded area implies the periods when the volatilities of two markets causing each 
other bi-directionally.
 Summary 
This chapter investigates the volatility causality effect between the US and other major 
developed real estate markets. The bilateral causality effect within each market pair is examined 
by both linear and MS Granger causality test. Unlike previous studies, this research fully 
incorporates the potential instabilities that may exist in the volatility causality mechanism at 
each time point, i.e. no causality effect, a uni-directional causality effect (from market A to 
market B, or from market B to market A) or bidirectional causality effect. The regime-switching 
approach offers a relatively parsimonious way to allow for multiple regime shifts in the causal 
link. 
The fruitful result of this research adds to the literature in the following aspects: (a) there exists 
significant linear Granger causality relationship for volatilities of all market pairs. The sub-
sample analysis reveals significant variations of causality effect across periods, and the effect 
is more prominent in GFC and more recent times; (b) In the regime-switching framework, while 
the volatility of the US public real estate market has a strong causality effect on all its 
international counterparts, the causality effect is not found from HK, JP, SG, FR and the UK to 






























the US; (c) The existence and direction of causality relationship is time-varying over time. The 
bidirectional causality for each market pair is more evident in the major crisis episodes and 
recent times, driven by the extreme financial events and globalization. 
This research on the interdependence of volatilities in the global real estate markets is of 
primary concern for both academicians and institutional investors. The findings highlight the 
financial crisis as the key determinant on the cross-market interactions. Portfolio managers 
should also be alerted of the observation that the US and the other developed real estate markets 
are sharing “common market cycles” in recent years, which can possibly diminish the 
diversification benefits. For policy makers and academicians, this research also shows that the 
volatilities of the US real estate market can be helpful to predict those of other developed 
markets. 
The previous two chapters point to the existence of strong interlinkages in the international 
public real estate markets. However, there is no formal test to see if the cross-market 
interactions increase significantly during the financial crisis. To further investigate this issue, 
the next Chapter will analyse the contagion effect among the international public real estate 




 Contagion Effect in Global Property Markets 
 
 Introduction 
The findings of Chapter 5 and Chapter 6 show that relationships between the sample real estate 
markets have exhibited dramatic variations and behaved quite differently during financial crises 
over the past two decades. The crisis not only causes a sudden increase of market volatility in 
the short term, but also generates high return correlations across markets in the long run. These 
findings highlight the severe impact of financial crises and are in line with historical 
observations. However, an increase in the cross-market correlation does not necessarily indicate 
contagion effect. It can be merely a fact of cross-market interdependence. Therefore, this 
research is dedicated to formally test the existence and strength of contagion effect across global 
public real estate markets. The findings of this research may help clarify whether 
“interdependence” or “contagion” is more appropriate to describe the linkages among global 
public real estate markets. The new insights can also help investors with global asset allocation 
strategies. 
Unfortunately, past literature does not reach a consensus on the definition of “contagion”. 
World Bank has summarized different definitions into broad, restrictive and very restrictive 
levels30. This study adopts the very restrictive definition of Forbes and Rigobon (2002) (known 
as FB thereafter): contagion is a significant increase of cross-market correlation during “crisis 
times”. Following this definition, if any significant difference between “crisis” and “non-crisis” 
episodes can be detected from return spillover parameters, it is inferred as the contagion effect. 
Such a formal test has not been conducted in the previous two chapters. Additionally, this study 
compares the cross-market volatility spillover between “crisis” and “non-crisis” periods, which 
is also related to shock transmission across markets. 






Different from previous literature, this research adopts a more advanced methodology to study 
the contagion effect. Firstly, the breakdown of correlation into “crisis” and “non-crisis” periods 
is done by a Markov switching vector autoregressive model (MS-VAR) model. In doing so, no 
ad hoc information is required to determine the crisis dates, so that the subjective problem is 
avoided. As argued by Dungey and Zhumabekova (2001), the dates of “crisis” and “non-crisis” 
periods can have a critical impact on the contagion test result. Secondly, this research studies 
the overall contagion effect among nine developed public real estate markets. This is an 
extension of bivariate contagion test usually adopted in earlier studies. Therefore, the 
multivariate context of this research can give a more comprehensive and broader coverage of 
the contagion effect. Finally, the multivariate contagion test in this research also addresses the 
heteroskedasticity issue put forward by earlier research. The Markov switching model can 
generate sub-samples of low and high volatility regimes so that the market variance in different 
regimes can be adjusted accordingly. 
Given the advantage of Markov switching models in the characterization of “crisis” and “non-
crisis” periods, there have been several empirical applications in the financial markets. For 
example, Rodriguez (2007) studies the contagion effect among five Asian and four Latin 
American stock markets during their regional crisis using a copula approach. And the parameter 
of the copula changes with the volatility states estimated from a SWARCH model. While there 
is increase of tail dependence in the high volatility state for all Asian market pairs (Thailand as 
the crisis “generator”), this evidence is not found in the Latin American case (Mexico as the 
crisis “generator”). This is different from the FB test, where most cases show contagion effect. 
Similarly, Kenourgios et al. (2011) studies the tail dependence as the indicator of contagion 
effect among stock markets in BRIC countries and two developed countries (the US and the 
UK) from year 1995 to 2006. The results suggest more evident contagion effect within the 
emerging markets than that between emerging and developed markets. 
More recently, Mandilaras and Bird (2010) apply the regime-switching method with the 
correlation contagion test. Specifically, they adopt a multivariate version of FB’s contagion test 
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by Dungey et al. (2005) to examine the contagion effect in the foreign exchange rate of six 
European countries (Belgium, Denmark, France, Ireland, Italy and Netherlands). The sample 
period covers January 1978 to December 1993 using monthly data. Denmark and Italy are 
identified as the source countries, and the former is found to export volatility to Ireland and 
Belgium. Using a similar methodological framework, Le and David (2014) analyse the 
contagion effect in different financial market segments during the GFC period, including equity 
market, foreign exchange market and sovereign debt market. The sample markets include the 
US, Eurozone, Hong Kong, Singapore, Korea, Malaysia, Philippines, Indonesia and Thailand. 
The result suggests that there is no contagion effect from the US and Europe to East Asian 
countries. Instead, their relationships are more likely to be described as “interdependence”. 
The above literature implies that the importance of nonlinearities in the contagion test of 
financial market data. Given the limited research on contagion effect in the real estate sector, 
this paper can contribute to the literature in broadly two aspects. On the one hand, it offer a 
comprehensive investigation of both mean and volatility contagion effect among major real 
estate markets. Instead of relying on “correlation” as the mere measure for contagion, this 
research extensively tests the notion of contagion from a “transmission” and “spillover” 
perspective. On the other hand, unlike FB who put particular assumptions on the market data, 
the regime switching model provides a more generalized basis for assessing the contagion 
phenomenon (Bartram and Wang, 2005). 
Once the investors are aware of the contagion pattern across public real estate markets, they are 
able to take more informed actions to avoid further losses in the financial crises. For example, 
when the “crisis originator” market falls in the crisis, investors or policy makers in the domestic 
market should take coordinated measures to stabilize the market by either selling off the 
domestic shares or changing macroecnomic policies. This is critically important in view of the 
increasingly integrated global public real estate markets.  
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The remainder of this chapter is as follows: the description of methodology is presented in 
Section 7.2, and the empirical result is given in Section 7.3. Section 7.4 summarizes the finding 
of this study. 
 Methodology31 
This research adopts a three-step approach to test for the existence of contagion effect. The first 
step involves using a MS-VAR model by Krolzig (1997) to date the low and high volatility 
periods of international real estate markets over time. In the second step, the identification of 
low and high periods is fitted to the multivariate contagion test by Dungey et al. (2005) in order 
to detect any significant increase of return spillover in the crisis period among sample markets. 
This test is estimated by seemingly unrelated regression (SUR), and is more flexible to account 
for structural breaks in the transmission of shocks across market returns32. Finally, this research 
adopts the generalized volatility spillover index by Diebold and Yilmaz (2012) to obtain the 
directional volatility spillovers across international real estate markets. The details of the 
methodologies will be discussed in the following subsections, respectively.  
7.2.1 Markov Switching Vector Autoregression (MS-VAR) model  
A practical issue to apply the contagion test is to distinguish the sample into crisis and non-
crisis periods. As discussed before, the MS-VAR model is superior to sub-sample analysis. The 
other advantage of this method is that the estimated regimes are found to have a strong business 
cycle correlation (Hamilton, 1989; Gray, 1996). The model is presented as follows: 
1, 1 2, 2 , ,...t t t t tt s s t s t p s t p t sy u y y y                          (7.1) 
where ty  is a 1n  matrix of real estate market returns. tsu  is a regime-dependent vector of 
mean return in state ts . , tp s  is the autoregressive coefficient at lag 
p  in state ts . , tt s  is 
the residual which follows normal distribution in each regime: 
                                                     
31 I use the software package WinRATS for the analysis of MS-VAR model estimation and volatility 
spillover analysis. The multivariate contagion test is estimated by Stata. 
32 The multivariate contagion test is based on the bivariate correlation test by Forbes and Rigobon (2002). 
The shortcomings of Forbes and Rigobon (2002)’s method are summarized in the paper Baur (2003). 
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 , 0,tt s tN s                                                        (7.2) 















                                          (7.3) 










                                             (7.4) 
The elements of transition matrix P , known as transition probability, is defined as: 
 1Pr |ij t tp s j s i    . 1i j   or 2                  (7.5) 
To select the order of MS-VAR model p , Bayesian information criterion (BIC) is adopted as 
the model selection criteria. BIC is preferable as it gives the model of more parameters more 
penalty. 
The number of regimes is set to be two, which provides a parsimonious framework to describe 
the common volatility regimes across nine real estate markets33. This classification is also 
consistent with the interpretation of contagion effect analysis, which requires a crisis period 
and tranquil period for comparison.   
Finally, MS-VAR model allows the dating of regimes based on the probabilistic inference from 
smoothed probabilities  1 3Pr | , ...t T T Tob s i r r r  .  
                                                     
33 Some may argue that a two-regime setting is rather strict, since all the nine markets have to follow the 
same boom-bust market cycles. Therefore, I attempt to estimate a MS-VAR with larger number of 
regimes (3 and 4) to allow more flexibility in switching regimes, but the model does not converge. Given 
the complexity of Markov switching models, it is necessary and realistic to impose some restrictions on 
the number of regimes, since the degree of freedom declines fast with increasing parameters.  
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7.2.2 Multivariate return contagion test 
The contagion test developed in Forbes and Rigobon (2002) is based on the comparison of 
cross-market correlations between a crisis and non-crisis period. A multivariate extension is 
developed by Dungey et al. (2005) based on regression framework, scaling the asset returns by 
market variance and correcting for endogeneity bias. The contagion test is implemented by 
estimating an ordinary least squares (OLS) regression and testing the equality of the slope 
coefficient between a crisis and non-crisis period. To illustrate, the model is presented as 
follows34: 
1, 2, 3, 2, 3,
1 1 1,2 1,3 1,2 1,3 ,1,
1,1 2,1 3,1 2,1 3,1
2, 1, 3, 1, 3,
2 2 2,1 2,3 2,1 2,3 ,2,
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  (7.6) 
where ,i tz  is the i -th market return at time t  ( i  = 1, 2 or 3). It is a pooled dataset by stacking 
the non-crisis observations over the crisis observations: 
, ,1 ,2 , ,1 ,2 ,x yi t i i i T i i i T
z x x x y y y    
                   (7.7) 
where , xi Tx  are non-crisis observations and , yi T
y  are crisis observations. ,i tz  is scaled by the 
non-crisis standard deviation ,1i  as suggested by Forbes and Rigobon (2002) to adjust for 
volatility increase. 











                                            (7.8) 
, ,y i t  is the residual term for each equation. 
                                                     
34 A case of three markets is shown to save space. It can be easily extended to a system of nine markets 
in this research. 
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The estimated coefficient 
,i j  captures the contagion effect from market j  to market i  during 
crisis period. The contagion test can be conducted by performing the following one-sided t -
test with the null hypothesis that there is no increased transmission of shocks from one market 
return j  to i . The alternative hypothesis indicates the excessive transmission of shocks in the 
crisis period: 
0 ,: 0i jH   ,  
1 ,: 0i jH   , i j                                              (7.9) 
7.2.3 Volatility spillover index 
To examine the direction and intensity of volatility spillovers among international real estate 
markets, the directional spillovers in a generalized VAR framework from Diebold and Yilmaz 
(2012) is employed in this study. This methodology is originally developed in Diebold and 
Yilmaz (2009), and the latter version overcomes the shortcomings of order-dependent results 
due to Cholesky factor orthogonalization. 
Following the illustration of Diebold and Yilmaz (2012), the construction of the spillover index 
is briefly presented as follows. 









                                                (7.10) 
where ε~(0, Σ) is a vector of independently and identically distributed disturbances. This VAR 







                                                      (7.11) 
where Ai  is an N × N coefficients matrix and obeys the recursion Ai = Θ1Ai−1 + Θ2Ai−2 +
⋯ + ΘpAi−p , with A0 an N × N identity matrix and Ai = 0 for i < 0. 
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The variance decomposition transformation of this moving average coefficient can be used to 
analyse the dynamics of the system. Such analysis should be conducted when innovations of 
the VAR model are contemporaneously uncorrelated. Since VAR innovation is generally 
contemporaneously correlated, identification schemes such as Cholesky factorization achieve 
orthogonality, but the variance decompositions depend on the variables’ ordering. 
To overcome this problem, the generalized VAR framework from Koop et al., (1996) and 
Pesaran and Shin (1998), which produces variance decomposition invariant to the variable 
ordering, is employed. This generalized framework allows for the innovation correlation which 
is accounted appropriately using the historically observed distribution of the errors. 
Based on the generalized framework, the Z-step-ahead forecast error variance decomposition 
is: 






























                           (7.12) 
where Σ is the variance matrix of the error vector ε, σjj the standard deviation of the error term 
for the jth equation and ei the selection vector, with one as the ith element and zeros otherwise. 
Each entry of the variance decomposition matrix is normalized by the row sum in order to 


















                                          (7.13) 
With construction, ∑ ϕ̃ij
g
(Z)Nj=1 = 1 and ∑ ϕ̃ij
g
(Z)Ni,j=1 = N. 
Using the volatility contributions from the variance decomposition, the total volatility spillover 
index is constructed as follows: 
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The total spillover index measures the contribution of spillovers of volatility shocks across 
different asset classes to the total forecast error variance.  
Next the direction volatility spillovers to market i from all other markets j is defined as: 
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and the volatility spillover from market i to all other markets j is denoted as: 
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The difference between 𝑆∙𝑖
𝑔(𝑍) and Si∙
g(Z) is taken as the net volatility spillover from market 𝑖 
to all other markets 𝑗: 
     g g gi i iS Z S Z S Z                                   (7.17) 
Besides net volatility spillover in equation (8) which measures how much each market 
contributes to the volatility in other markets in net terms, the net pairwise volatility spillovers 
between market 𝑖 and 𝑗 is defined as: 
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it is calculated as the difference between the gross volatility shocks transmitted from market i 
to market j and those transmitted from j to i . 
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 Empirical result 
7.3.1 Identification of crisis episodes 
To begin with, both the Akaike information criterion (AIC) and Bayesian information criterion 
(BIC) are adopted to determine the most appropriate MS-VAR specification. As reported in 
Table 7.1, the MS-VAR model at lag order one is selected by both AIC and BIC. Following 
this, the RCM test statistic is estimated for the leading 2-state MS-VAR(1) model, and the result 
supports the use of a multi-regime model against a single-regime model35. 
Table 7.1 Model Selection Criteria of 2-State MS-VAR Model 
Lag order AIC BIC 
1 44.416 44.810 
2 44.441 45.187 
3 44.469 45.564 
4 44.518 45.961 
RCM of MSVAR(0) 9.365 
Notes: the value of AIC and BIC is minimized when the order of the MSVAR model is one. The 
minimized value is highlighted in bold. 
Table 7.2 presents the empirical estimates of the two-state MS-VAR(1) model for the nine 
public property markets. Given that the purpose of estimating a MS-VAR(1) model is to 
describe the common regime shifts across markets, only the expected return and variance for 
each market is reported to see the market performance in each state. Other lagged 
autoregression coefficients are suppressed in Table 7.2 to save space. 
As can be seen, the first two statistical columns report the expected return for each markets 
between a low and high volatility regime. Mean returns are positive for all markets in Regime 
1 with low volatility, while they turn negative in Regime 2 with high volatility. This is an 
indication that the two regimes can well characterize synchronized real estate cycles across 
markets. In addition to expected market return, the market variance also displays significant 
variations between two volatility regimes, and is much higher during high volatility regime. SG 
(62.099) and HK (45.423), and to a lesser extent JP (40.388) and GE (40.127) are found to be 
                                                     
35 As proposed by Ang and Bekaert (2002a), the value of RCM can range from 0 to 100. If the value is 
below 50, it implies a Markov regime switching model with good regime classification 
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riskier than its counterparts during financial crisis. Consequently, a switch to the high volatility 
regime is associated with return decrease and volatility increase. The average length of time 
that the sample markets spend in each volatility regime is indicated by the transition probability 
matrix. A higher value suggests a longer time spent in the regime. As revealed in the matrix, 
the probability of staying in Regime 1 is 0.926, which indicates the length of high volatility 
regime across global property markets is (1-0.926)-1 = 13.5 weeks on average. Meanwhile, 
Regime 2 is expected to last for (1-0.690)-1 = 3.2 weeks. Since the volatility regime is common 
for all the nine markets, the estimated length is helpful to infer the length of market cycles in 
the developed public property markets.  
Table 7.2 Maximum Likelihood Estimates from 9-Variable MS-VAR(1) Model 
 Mean Variance 


















































































Notes: the number in the bracket is the standard error of the estimated coefficient from MSVAR(0) model. 













   weeks. 




   weeks. 
 
 
The primary objective of estimating MS-VAR(1) model is to distinguish the crisis and non-
crisis periods. Figure 7.1 plots the common smoothed probability estimates for all the sample 
property markets in Regime 1 (the low volatility regime). The observation is classified as being 
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in Regime i if the smoothed probability  1 3Pr | , ...t T T Tob s i r r r   is higher than 0.5 
(Hamilton, 1989). Using 0.5 as the criteria, it is obvious to date the switching volatility 
behaviour in the global property market over time. Consistent with historical crisis observations, 
two major market downturns are captured. The first one coincides with AFC and the burst of 
dotcom bubble, which broadly expands from mid-1998 to the end of 2000. The other is GFC 
period which lasts from mid-2007 to the end of 2009.  
Figure 7.1 Smoothed Probability of Low Volatility Regime in MS-VAR(1) Model 
 
 
Table 7.3 summarizes the major dates of high volatility regime from MS-VAR(1) model.  
Table 7.3 Dates of High Volatility Regime from MS-VAR(1) Model Estimation 
Dates of High volatility regime Main characteristics 
1998/01/08 – 1998/04/02  
Asian financial crisis 
1998/06/04 – 1998/11/19  
2000/02/10 – 2000/03/30  Early 2000s recession; Dotcom bubble 
2008/06/26 – 2009/07/16 Subprime crisis 
2010/05/06 – 2010/05/27 
Eurozone crisis 
2011/08/04 – 2011/12/01 
Notes: the dates are derived from smoothed probability estimates of MS-VAR(1) model. The summation 
of low and high regime smoothed probability is equal to one. If the probability of high volatility regime 
is larger than 0.5, it is classified as high volatility regime. The number of observations (weeks) is given 
in the bracket in the first column 








7.3.2 Multivariate contagion analysis 
As a preliminary analysis, a bivariate Forbes and Rigobon’s contagion test is firstly conducted36. 
To briefly introduce, two major crisis episodes are considered over the sample period: AFC and 
GFC. For AFC, the low volatility period is assumed to start from January 6th, 1994 to June 26th, 
1997. The high volatility period is from July 3rd, 1997 to December 30th, 1999. On the other 
hand, the contagion analysis of GFC also includes a low volatility period from January 1st, 2004 
to June 28th, 2007 and a high volatility period from July 5th, 2007 to December 31st, 200937. 
The result of unconditional correlation test is reported in Table 7.4. It is interesting to note that 
most of the correlation coefficients during AFC are not substantially different from those in 
low volatility period. The contagion effect is observed mostly in Asian market pairs: AU-CA, 
HK-JP, HK-SG, HK-CA, JP-SG and CA-US. The evidence of contagion effect is more 
pervasive across global markets in GFC, where significant changes of correlation are detected 
for most market pairs. 
  
                                                     
36 For a detailed description of contagion test methodology, please refer to Forbes and Rigobon (2002). 
37 Different choices of sub-period dates based on previous are tried, but the results remain largely 
unchanged. The dates of low- and high- volatility regimes from the MSVAR(1) model cannot be applied 
here, since the duration of regimes can be rather short. And the observations are not enough for 
computing this contagion test. 
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Table 7.4 Forbes and Rigobon’s Contagion Test 
















AU-HK 0.238 0.234 -0.036 0.195 0.305 1.019 
AU-JP 0.032 0.143 0.968 0.126 0.226 0.896 
AU-SG 0.078 0.211 1.176 0.181 0.342 1.501* 
AU-FR 0.100 0.124 0.214 0.158 0.347 1.755** 
AU-GE -0.016 0.125 1.224 0.129 0.305 1.608* 
AU-UK 0.141 0.132 -0.079 0.156 0.296 1.280 
AU-CA 0.104 0.263 1.431* 0.172 0.308 1.256 
AU-US 0.114 0.074 -0.350 0.137 0.199 0.550 
HK-JP 0.009 0.196 1.633* 0.178 0.320 1.309* 
HK-SG 0.308 0.514 2.155** 0.367 0.527 1.743** 
HK-FR 0.073 0.079 0.052 0.188 0.365 1.665** 
HK-GE 0.026 0.101 0.654 0.162 0.349 1.733** 
HK-UK 0.152 0.077 -0.654 0.228 0.297 0.634 
HK-CA 0.075 0.221 1.288* 0.201 0.373 1.628* 
HK-US 0.184 0.123 -0.541 0.131 0.242 0.990 
JP-SG 0.008 0.165 1.365* 0.210 0.409 1.912** 
JP-FR 0.083 0.050 -0.288 0.122 0.362 2.213** 
JP-GE 0.074 0.038 -0.309 0.101 0.386 2.645*** 
JP-UK 0.038 0.041 0.025 0.134 0.342 1.911** 
JP-CA 0.052 0.112 0.523 0.176 0.433 2.470*** 
JP-US 0.000 0.035 0.302 0.113 0.306 1.755** 
SG-FR 0.019 0.098 0.685 0.177 0.448 2.628*** 
SG-GE -0.010 0.058 0.589 0.192 0.383 1.809** 
SG-UK 0.092 0.035 -0.501 0.200 0.328 1.197 
SG-CA 0.001 0.140 1.204 0.156 0.433 2.658*** 
SG-US 0.047 0.116 0.603 0.103 0.263 1.440* 
FR-GE 0.294 0.136 -1.435 0.424 0.613 2.266** 
FR-UK 0.265 0.138 -1.148 0.463 0.515 0.584 
FR-CA 0.137 0.160 0.206 0.238 0.493 2.569*** 
FR-US 0.111 0.023 -0.766 0.204 0.321 1.084 
GE-UK 0.121 0.022 -0.862 0.322 0.339 0.169 
GE-CA -0.002 0.139 1.224 0.163 0.420 2.455*** 
GE-US 0.027 0.098 0.622 0.141 0.322 1.666** 
UK-CA 0.251 0.207 -0.400 0.187 0.287 0.920 
UK-US 0.237 0.208 -0.270 0.159 0.164 0.050 
CA-US 0.250 0.691 5.133*** 0.257 0.411 1.496* 
Notes: the results reported are based on unconditional correlation between each market pair that adjusts 
for heteroskedasticity. The “crisis originator” is assumed to be the first market in each market pair. The 
result using the other market as “crisis originator” is also estimated, but the results remain largely 
unchanged. 



















  . The null hypothesis of one-tail t test is: 
𝐻0: 𝜌
ℎ ≤ 𝜌𝑙 
And the alternative hypothesis: 
𝐻0: 𝜌




Given the bivariate nature of Forbes and Rigobon (2002)’s contagion test, it is more plausible 
to estimate the contagion effect from a multivariate perspective. From the characterization of 
tranquil and turbulent episodes in MS-VAR models, it is possible to perform the multivariate 
contagion test by Dungey et al. (2005). A crisis dummy is generated as follows: 
1 if the smoothed probability is larger than 0.5.





                    (7.19) 
The multivariate contagion test as formulated in equation (7.6)-(7.9) is estimated. Following 
the paper of Mandilaras and Bird (2010), a seemingly unrelated regression (SUR) is used to 
estimate the system, where the right-hand side regressors are not the same in each equation. 
Moreover, it is able to control for contemporaneous correlation across equations, as these 
markets are likely to be influenced by spillovers from worldwide shocks. 
To save space, only the estimated coefficients of ,i j  concerning the contagion effect from 
market j  to market i , is reported in Table 7.5. If the coefficient is estimated to be significantly 
positive, it denotes the contagion effect during the crisis period from market j  to market i . 
From the result, AU, HK, GE, CA and the US markets are found to have two contagious 
relationship with other markets. Several market pairs display bi-directional contagion effect 
with each other, including AU-GE, AU-UK, HK-CA, SG-US and GE-US. The result provides 
evidence of contagion effect across market returns during the crisis period. Investors with 
portfolio exposure to any of the market pairs should be aware of the potential downside risk in 




Table 7.5 Multivariate Contagion Regression Result 
 Dependent variables (Recipient  market i) 
Independent Variable 
(Source Market j) 
AUt HKt JPt SGt FRt GEt UKt CAt USt 
AUt*Dummy - -0.085*** 0.011 0.047 -0.100** 0.121*** 0.100** 0.089 -0.184** 
  (0.032) (0.035) (0.039) (0.039) (0.045) (0.051) (0.062) (0.080) 
HKt*Dummy -0.237** - -0.066 0.286*** 0.087 -0.019 -0.078 0.328*** -0.511*** 
 (0.106)  (0.065) (0.053) (0.075) (0.084) (0.095) (0.115) (0.148) 
JPt*Dummy 0.062 -0.037 - 0.007 -0.086 0.074 0.045 0.164 -0.213 
 (0.098) (0.055)  (0.065) (0.069) (0.077) (0.087) (0.105) (0.136) 
SGt*Dummy 0.036 0.018 -0.032 - 0.055 -0.052 -0.074 -0.218** 0.263** 
 (0.088) (0.037) (0.053)  (0.061) (0.068) (0.078) (0.094) (0.120) 
FRt*Dummy -0.018 0.008 -0.068 0.000 - -0.017 0.251*** -0.086 0.086 
 (0.086) (0.050) (0.054) (0.059)  (0.060) (0.067) (0.095) (0.122) 
GEt*Dummy 0.219*** -0.021 0.037 -0.032 -0.112** - -0.131** 0.016 0.260** 
 (0.075) (0.043) (0.046) (0.051) (0.046)  (0.065) (0.082) (0.102) 
UKt*Dummy 0.156** -0.012 0.013 -0.026 0.010 -0.108** - -0.013 -0.120 
 (0.065) (0.038) (0.040) (0.045) (0.040) (0.050)  (0.072) (0.091) 
CAt*Dummy 0.024 0.054* 0.041 -0.107*** -0.035 0.047 -0.066 - 0.233*** 
 (0.054) (0.030) (0.033) (0.037) (0.038) (0.042) (0.048)  (0.062) 
USt*Dummy -0.080* -0.042* -0.020 0.058* 0.020 0.083** -0.091** 0.036 - 
 (0.044) (0.025) (0.027) (0.029) (0.031) (0.034) (0.039) (0.040)  
Notes: The table reports the regression coefficient 
,i j  of model (7.6). The entry ij
th in row j and column i is the estimated contagion effect from market j to market i. Contagion 
effect is identified if 
,i j  is estimated to be positive and significant. The number in the bracket is the standard error of the estimated coefficient. *, ** and *** indicate significance 
level of one-sided t-test (
1 ,: 0i jH   ) at 10%, 5% and 1% level, respectively. 
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Table 7.6 Summary Cross-Market Contagion Effect 
Contagion Source Market Contagion Recipient Market 
AU GE, UK 




GE AU, US 
UK AU 
CA HK, US 
US SG, GE 
Notes: this table summarized the significant contagion effect from Table 7.5. 
7.3.3 Volatility spillover effect 
In addition to the investigation of return comovement across international public property 
markets, this sub-section aims to examine whether financial crisis could intensify volatility 
spillovers across markets. The analysis will help indicate which public property market is the 
most influential/influenced in the volatility transmission process during market crashes. 
The spillover index is produced using VAR(1) which was selected by minimizing the BIC, and 
at a forecast horizon of 20 weeks (Diebold and Yilmaz, 2012). The market volatility used to 
compute volatility spillover is unconditional volatility derived from daily return series. The 
dates of sub-periods are based on the estimates of MS-VAR model in sub-section 7.3.1. Any 
low/high volatility period which lasts for at least 1 year is included to ensure enough 
observations and avoid small sample bias. This selection criteria yields 4 low volatility periods 
(1994/01/27 – 1997/04/24, 2002/10/24 – 2007/05/24, 2010/06/03 – 2011/07/28 and 2011/12/08 
– 2014/06/26) and 1 high volatility period (2008/06/26 – 2009/07/16), which captures the major 
boom and bust phases in the international real estate markets. 
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Table 7.7 presents the spillover tables for real estate market volatilities over the five sub-periods. 
Each panel is constructed using the row normalization method; i.e. the sum of the variances in 
a row is 100%. The ij th observation is the estimated contribution to the forecast error variance 
of market in column j  resulting from innovations from market in row i . The sum of variances 
in a row, excluding the contribution from its own volatilities (diagonal variances), indicates the 
impact on the volatilities from other markets. The net volatility spillovers are the “From others” 
minus “To others” differences. The last row in the table is the contribution of the market to the 
volatilities of all markets. Finally, the total volatility spillover index given in the lower right 
corner in each panel, is computed as the sum of off-diagonal variances relative to the sum of 
all variances in the 9 x 9 matrix. Overall, the volatility spillover table provides an approximate 
“input-output” decomposition of the total volatility spillover index (Diebold and Yilmaz, 2012). 
A number of interesting observations emerge from Table 7.7: 
(1) From the results of four low volatility periods in Panel A, B, D and E, an average of 
(20.90%+37.00%+56.90%+61.50%)/4 = 44.08% of the forecast error variances are due 
to volatility spillovers across the nine real estate markets. In contrast, during high 
volatility regimes, the magnitude of volatility spillovers is 72.80%, more than 60% 
higher than that of low volatility regime. It indicates that during the financial crisis, the 
volatility spillover effect is significantly intensified across the sample public property 
markets. 
(2) In the low volatility regime, own-market volatility spillovers (diagonal elements) 
explain the highest proportion of forecast error volatility (71.2% to 93.2%in Panel A, 
46.8% to 74.2% in Panel B, 30.2% to 63.0% share in Panel D and 28.3% to 62.7% 
share in Panel E). Thus, volatility persistence is still dominant in each public property 
market. During the high volatility period, the own-market volatility spillover 
significantly decrease (18.6% to 36.9% share in Panel C), indicating that markets have 
become more endogenous and interactive with each other.  
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(3) The off-diagonal elements provide the directional spillover information, which varies 
across markets and sub-periods. Take the high volatility period of 2008-2009 in Panel 
C as an example, the average directional volatility spillover from each market to others 
(“Contribution to others”) ranges from 35% in US to 115% in AU. The “net volatility 
exporter”, which is calculated as “Contribution to others” minus “From others”, 
includes AU (45%), the GE (13%) and the HK (12%). 
(4) Next, the percentage of error variance of a market explained by shocks in other markets 
(“From others”) is given in the last column of Table 7.7. In the high volatility regime, 
the most endogenous markets are JP (81%), followed by HK (80%) and GE (79%). In 
contrast, among the four low volatility periods, the volatility spillover each market 
received from others remains modestly low in earlier periods (1994-1997, 2002-2007). 
In the more recent two sub-periods (2010-2011, 2011-2014), the volatility spillover 
from others has increased as a consequence of economic integration and regional 
financial turbulence in Europe.  
Overall, the sub-sample volatility spillover results imply that the volatility interactions are 
greatly responsive to economic episodes. During the crisis periods, the sample markets are more 
open and experience an overall increase in both receiving and exporting volatility spillovers. 
Moreover, a clear trend of increasing cross-market volatility spillover is observed over time, 





Table 7.7 Regime-dependent Analysis of Volatility Spillover 
 AU HK JP SG FR GE UK CA US 
From 
others 
Panel A: 1994/01/27– 1997/04/24 (Low volatility state) 
AU 76.2 3.8 0.3 0.3 2.5 8.4 5.9 0.8 1.8 24 
HK 2.8 71.2 0.5 18.4 1.6 0.4 1.1 0.6 3.4 29 
JP 0.1 2.5 86.1 5.2 1.2 0.4 1.1 0.3 3.2 14 
SG 0.1 20.2 0 71.5 1.5 0.7 0.7 0.8 4.4 29 
FR 2 1.9 1.6 1.5 81 3.9 6 0.6 1.5 19 
GE 2.8 0.7 0.5 0.9 2.6 83 5.4 4 0.1 17 
UK 8.9 1.4 4 1.6 4 1.4 71.7 3.5 3.5 28 
CA 0.3 1 0.5 1.8 1.8 0.7 0.6 93.2 0.2 7 
US 1.9 6 3.8 7.1 0.2 0 2.4 0.1 78.4 22 
Contribution to 
others 19 37 11 37 15 16 23 11 18 188 
Contribution 
including own 95 109 97 108 96 99 95 104 96 20.90% 
Panel B: 2002/10/24 – 2007/05/24 (Low volatility state) 
AU 57.3 1.4 2.1 7.3 4.6 3.6 3.5 7.9 12.2 43 
HK 1.7 66.4 20.4 7.6 0.9 0.3 0 0.5 2 34 
JP 2.5 9.5 74.2 3.3 4.2 2.1 0.7 1.5 2.1 26 
SG 3.3 7 4.6 56.3 7.3 8.6 5.1 2.8 5 44 
FR 4.7 0.4 2.8 9.5 46.8 21.8 7.4 4 2.7 53 
GE 2 0.3 1.2 9.7 13.2 62.3 8.7 2 0.6 38 
UK 2.6 0 0.9 7.2 7.4 8.9 64.5 6.4 2.1 36 
CA 7.5 0.4 1.4 2.4 5.3 2.8 6.6 65.5 8.1 34 
US 8.9 1.6 1.8 2.6 0.8 0 3.2 6.9 74 26 
Contribution to 
others 33 21 35 50 44 48 35 32 35 333 
Contribution 
including own 91 87 109 106 91 110 100 98 109 37.00% 
Panel C: 2008/06/26 – 2009/07/16 (High volatility state) 
AU 29.6 14.2 13 11 11.3 15.1 2.7 2 0.9 70 
HK 19.2 19.6 13.4 13.8 9.2 12.9 3.1 4.8 3.9 80 
JP 20.4 14.6 18.6 12.7 9.6 14.7 2.9 3.7 2.8 81 
SG 16.9 16.5 12.3 26.1 8.9 12.4 2.2 2.7 2.1 74 
FR 18.3 11 11.7 7.5 22.5 11.9 10.4 4.2 2.6 78 
GE 21.4 12.8 12 11.3 10.9 20.5 4.1 4.6 2.2 79 
UK 7.3 6.1 7.1 3.8 17 8.1 36.3 8.3 6 64 
CA 7.7 9.1 5.2 4.8 6.6 9.6 7.7 34.7 14.7 65 
US 3.6 7.7 5.1 3.1 4.2 7.2 7.8 24.3 36.9 63 
Contribution to 
others 115 92 80 68 78 92 41 54 35 655 
Contribution 
including own 144 112 98 94 100 113 77 89 72 72.80% 
Panel D: 2010/06/03 – 2011/07/28 (Low volatility state)           
AU 42.8 0.2 0.7 5.2 9.4 5.4 12.1 11.7 12.6 57 
HK 1.7 63 8.6 9.8 6.5 2.5 5.9 0.9 1.1 37 
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JP 0.8 6.9 52.9 18 2.3 6 12.3 0.4 0.4 47 
SG 4.9 6.3 13.2 38.9 3.1 11 16.8 3.5 2.3 61 
FR 10.2 0.4 1.7 2.9 39.2 16 12.4 6.8 10.5 61 
GE 5.8 1 4.1 11 16.9 38 14.7 4.1 4.4 62 
UK 11.7 2.9 7.2 13.2 10.1 11.6 30.2 5.6 7.5 70 
CA 14.1 0.7 0.4 3.9 7.9 4.3 6.8 43.3 18.5 57 
US 14.4 0.2 0.2 1.9 10.9 4.7 9.7 18.7 39.3 61 
Contribution to 
others 63 18 36 66 67 61 91 52 57 512 
Contribution 
including own 106 81 89 105 107 99 121 95 97 56.90% 
Panel E: 2011/12/08 – 2014/06/26 (Low volatility state) 
AU 33.3 8.3 6.4 12.6 4.9 4 6.4 11.8 12.3 67 
HK 8.8 39.8 5.7 16.4 5.2 4.1 8.2 6.5 5.4 60 
JP 8.9 6.7 62.7 7.2 1.7 2.1 1.5 3.7 5.4 37 
SG 11.7 14.1 5.8 28.3 7.3 5.4 6.9 10.2 10.3 72 
FR 6.2 5.1 0.8 9.1 30.9 17.7 20.3 4.1 5.8 69 
GE 5.3 4.4 1.9 7.3 21 35.6 16.9 4.2 3.5 64 
UK 6.3 7.2 1.1 8.5 19.9 14.9 33.2 3.1 5.7 67 
CA 12.4 7.5 8.8 11.2 3.3 2.9 3 34.3 16.6 66 
US 7.7 6.1 6 9.2 3.8 2.7 5.4 10.7 48.4 52 
Contribution to 
others 67 60 36 81 67 54 69 54 65 553 
Contribution 
including own 101 99 99 110 98 89 102 89 114 61.50% 
Notes: The underlying variance decomposition is based upon a weekly VAR of order 1 (as determined 
by the Schwartz criterion), identified using a generalized VAR spillover framework proposed by Diebold 
and Yilmaz (2012) (forecast error variance decompositions are invariant to variable ordering). The (i , 
j)th value is the estimated contribution to the variance of the 20-week-ahead real estate return 
(unconditional) volatility forecast error of market i coming from innovations to the real estate return of 
market j. 
 Summary 
In this chapter, two aspects of the contagion linkage in financial crisis are evaluated. First of 
all, the multivariate unconditional contagion test by Dungey et al. (2005) is performed to 
understand the return spillover patterns across international real estate securities markets. 
Secondly, volatility spillover indices across markets during both tranquil and turmoil episodes 
are estimated by adopting the approach from Diebold and Yilmaz (2012). In doing so, the shock 
transmission mechanism in both first- and second-moment of global real estate market returns 
is investigated. This chapter yields the following results: 
(1) From the identification of low- and high- volatility regimes in the MS-VAR(1) model, 
all the sample real estate market are consistently aligned with the overall real estate 
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cycle implied by major historical events. The boom market state is characterized by 
significantly positive market return and low market volatility, while the bust market 
state displays negative return and high market volatility. The cross-market correlations 
in most market pairs are significantly higher in bust market than those in boom market. 
Two major market downturns with poor market return and high market risk are 
commonly detected in the global public real estate markets, including the Asian 
Financial Crisis in 1997 and Global Financial Crisis in 2007. 
(2) The multivariate contagion test shows that most of the cross-market linkages in high 
volatility period are still described as “interdependence”. Australia, Hong Kong, 
Singapore, Germany, Canada and the US markets are found to be more likely to export 
“contagion” effect to other markets. The market returns of AU-GE, AU-UK, HK-CA, 
SG-US and GE-US are found to have bi-directional contagion effect during financial 
crisis.  
(3) The volatility spillover effect is time-varying and state-dependent. Highest volatility 
spillovers are observed around high volatility period of GFC. Moreover, there is a trend 
of increasing cross-market volatility spillover effect over the past two decades, 
triggered by economic globalization and financial market integration. 
Overall, this chapter sheds light on the dynamics of return comovement and volatility spillover 
effects underlying global real estate markets. International investors should be cautious about 
financial crises and the trend of increasing market integration, which may result in severe 
contagion effect across global real estate markets. To achieve diversification benefits, investors 
should also avoid investing in market pairs that display simultaneous return and volatility 
comovement. For policy makers, this research provides important information for potential 





This chapter starts with a summary of major empirical findings of the thesis in Section 8.1. The 
implications of the research and future research directions will be discussed in Section 8.2.  
 Summary of findings 
With the growing importance of real estate asset in the financial market, it is imperative to 
understand their risk-return attributes, especially during periods of high market uncertainty. 
The research aim of this thesis is to investigate the switching-regime behaviour in the volatility 
and dependence structure of global real estate markets. To explain specifically: 
Chapter 4 offers a univariate analysis to understand the dynamic volatility behaviour and in the 
individual real estate market under both low- and high-volatility regimes. Based on the analysis, 
strong switching-regime behaviour is validated in all developed real estate markets except 
France. There exist two volatility regimes: one with positive return and low volatility (boom 
state), and the other with negative return and high volatility (bust state). The persistence of real 
estate market volatilities found in the previous literature can be attributed to the persistence of 
low- and high- volatility states. Moreover, the SWGARCH model is found to fit historical real 
estate market return better than standard GARCH model or SWARCH model. Finally, the 
SWGARCH offers better in-sample forecast than its alternatives, but it does not consistently 
outperform other models in out-of-sample forecast. 
The aim of Chapter 5 is to investigate the co-movement across international real estate markets 
by a bivariate BEKK-SWGARCH model. The common volatility regimes between the US and 
non-US real estate markets are firstly identified, and the potential regime-dependent volatility 
clustering and transmission is assessed. Again, the result confirms the existence of two common 
volatility regimes for each market pair: a low volatility regime with positive market return, and 
a high volatility regime with low market return. In the high volatility regime, the shocks from 
US real estate market are more likely to cause volatility increase in the markets of Australia, 
Hong Kong, Japan, France, United Kingdom and Canada. The volatilities, covariance and 
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correlation of all market pairs are unstable over time and reach the peak during the global 
financial crisis since 2007. 
The aim of Chapter 6 is to investigate how regime-switching could affect the causality 
relationship between the US and non-US real estate market volatilities. This study can provide 
additional insights on the degree of global real estate market interdependence under switching 
volatility. The result shows that a linear Granger causality test is inadequate to characterize the 
cross-market causal link in the presence of structural breaks caused by financial turbulent 
events. When the regime shifts are taken into account, the US market shows strong volatility 
causality effect to other markets, but not vice versa. The bilateral causality effect is more likely 
to occur in the high volatility regime for all market pairs. 
Finally, on the basis of previous two chapters, Chapter 7 explores the mean and volatility 
contagion effect across global real estate markets in the financial crisis. The multivariate 
contagion test for global real estate market returns shows that there is significant shock 
transmission from Australia, Hong Kong, Singapore, Germany and the US market to several 
other markets. In particular, there is mutual contagion effect for Australia-Germany, Australia-
United Kingdom, Singapore-United States and Germany-United States pairs. Additionally, the 
sub-sample analysis shows that volatility spillover index reaches the highest value in the GFC 
period, and the cross-market volatility spillover effect is increasing over the past two decades. 
Overall, the findings support distinguished volatility behaviour and correlation structure 
between normal and crisis periods in the global real estate markets. There is evidence that the 
US public real estate market imposes stronger influence on other markets during crisis periods. 
This research provides valuable information on evaluation of real estate market risk as well as 
the guidance to portfolio management decisions for institutional investors.  
 Implications and future research directions 
This research provides several implications for the literature. 
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The first implication is to understand the risk-return trade-off of global real estate investment 
in the presence of financial crises and economic globalization. Strong regime shifts are detected 
in the returns, volatilities and linkages of international real estate markets, especially in the 
listed real estate sector. The level of volatilities and their correlations across borders have been 
unprecedentedly higher in the crisis episodes. Therefore, investing in real estate has revealed a 
less clear advantage nowadays. Investors should be aware of the changing market states that 
are associated with substantially different market performance and diversification benefits. 
Portfolio managers need to incorporate a regime-switching approach to make optimal allocation 
and appropriately manage the downside risk. 
From a practical point of view, this research can offer crucial implications for real estate fund 
managers. If any contagion effect is found between markets, it is necessary for investors not to 
simultaneously invest in these contagious markets to avoid further losses. They need to 
rebalance their portfolios by switching to safe assets or uncorrelated markets that are not 
contagious to each other. In the future, when the crisis originating market is in the crisis regime, 
it is a dangerous signal that the domestic market will be influenced and switch to high volatility 
regime as well. Institutional investors with such knowledge can take precautious measures 
before the crisis comes. 
This study also offers critical implication to literature. The findings have revealed increase of 
investment risk that comes from switches in real estate market volatility. However, previous 
studies are mostly limited to the switching-in-mean behavior of individual real estate markets. 
Moreover, a systematical multivariate framework is established in this research to deal with 
different themes of cross-market dependence, which is feasible for future researchers to model 
complicated market interactions under changing market environment. Investors need to be 
updated with the switching linkages across global real estate markets in order to better optimize 
their portfolio allocation.   
It is acknowledged that this study has several limitations. Firstly, this study only examines a 
number of developed real estate markets, while many emerging markets are left unexplored due 
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to limitation of data sample. With the strong performance of property markets in the emerging 
countries, such as mainland China, there are increasing investors and real estate portfolios 
allocating investment in these markets. Therefore, when there are enough observations, future 
work is needed to capture the volatility regimes in these markets so as to offer important 
knowledge for investors. Moreover, current research only considers the individual and cross-
market relationship among global public real estate markets. In the future, it is also meaningful 
to conduct analysis across public real estate markets and broader equity markets. The broader 
equity market is still a mainstream investment channel for most investors. Therefore, such an 
analysis can benefit a broader group of investors.  
Secondly, the proportion of REITs and real estate operating companies (REOCs) is not adjusted 
across markets. The S&P public property market index used in this study covers a composition 
of REITs and REOCs in the individual market. While the index constituents in the US market 
are almost all REITs, in Asian markets the majority of constituents are REOCs. The institutional 
characteristics could be different for the two real estate investment styles, resulting in different 
risk-return spectrum across markets. For investors who invest in a particular category of public 
real estate markets, the findings of this research cannot fully simulate their portfolio 
performance. The proportions of different real estate assets in the sample market is provided in 
Table 3.2. Future work needs to cope with this issue and control for the institutional difference 
across markets. A possible way is to construct the property market index manually, using the 
same composition of company types for all markets. 
Thirdly, this research is only limited to a set of global property markets. It is also interesting to 
conduct a regime-switching analysis incorporating different asset classes. Such an analysis may 
help general investors understand the benefit/risk of investing in real estate. It can also better 
advise investors who wish to make asset allocations in different asset classes domestically. For 
academicians, conducting a research across assets is helpful to understand the specific risk of 
each asset. Future research ideas include volatility linkages and spillovers / causality / contagion 
between (indirect) real estate markets and both stock and bond markets. 
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Fourthly, while regime-switching approach has been proven to be extremely useful for 
characterizing the behaviour of real estate markets, it is still difficult to statistically forecast the 
volatility regimes. Currently, no theoretical formulation has been proposed to provide good out-
of-sample forecast for volatility regimes. In particular, as pointed out by previous research, 
regime switching model may forecast better when the forecasting horizon is longer, since there 
could be more breaks. The regime switching forecasting literature is still scarce and under 
development. Therefore, it will be difficult to assess the benefit of regime-switching strategies 
in portfolio management. Given the importance of timing the turning points of the market, it is 
important for econometricians to develop better forecasting techniques for Markov switching 
models. It can better assist investors in improving real estate investment returns. 
Last but not least, with the availability of statistical models, it is also important to explore and 
spillover effect at higher moments of financial return. It may shed light on whether there is 
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